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—— Abstract

Indexing pangenome graphs is a major algorithmic challenge in computational pangenomics, a recent

and active research field that seeks to use graphs as representations of multiple genomes. Since these
graphs are constructed from whole genome sequences of a species population, they can become very
large, making indexing one of the most challenging problems.

In this paper, we propose gindex, a novel indexing approach to solve the Graph Pattern Matching
Problem based on the multidollar-BWT. Specifically, gindex aims to find all occurrences of a pattern
in a sequence-labeled graph by overcoming two main limitations of GCSA2, one of the most widely
used graph indexes: handling queries of arbitrary length and scaling to large graphs without pruning
any complex regions. Moreover, we show how a smart preprocessing step can optimize the use of
multidollar-BWT to skip small redundant sub-patterns and enhance gindex’s querying capabilities.

We demonstrate the effectiveness of our approach by comparing it to GCSA2 in terms of index
construction and query time, using different preprocessing modes on three pangenome graphs: one
built from Drosophila genomes and two produced by the Human Pangenome Reference Consortium.

The results show that gindex can scale on human pangenome graphs — which GCSA2 cannot
index using large amounts of RAM — with acceptable memory and time requirements. Moreover,
gindex achieves fast query times, although not as fast as GCSA2, which may produce false positives.
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1 Introduction

The indexing of a pangenome graph for pattern matching is a fundamental goal in compu-
tational pangenomics. Formally, a pangenome graph can be described as a directed graph
with nodes labeled by strings. In the framework of computational biology, a pangenome
graph aims to represent the multiple pairwise comparison of genomic sequences. It has been
proposed as a new paradigm that replaces the traditional view of a reference genome as a
linear sequence, to a sequence labeled graph able to summarize the main variations among
a population of evolutionary-related sequences or genomes [1]. Indexing and querying a
pangenome graph is a fundamental step for developing procedures that work with a graph in
place of a sequence linear reference genome. The problem of indexing and searching general
graphs is well-studied both from a theoretical and an application-oriented perspective [6, 7].

In this direction, the Burrows-Wheeler Transform (BWT) [3] plays a crucial role in
developing an index for a pangenome graph, as GCSA [23] the first pangenome graph
indexing is an extension of the BWT to query paths in a sequence labeled graph. Let us
briefly recall that the BWT of a text T is a reversible permutation of symbols of T" that
allows compressing the original text T while it uses the self-indexing scenario to perform
efficiently in time and space queries over the text 7. While the original idea of GCSA [23] is
indexing the paths of an automata representing the pangenome graph, a later implementation,
GCSA2 [21, 22], represents a k-mer index as a succinct de-Bruijn graph, inspired by the
well-known BOSS data structure [2]. Variants of GCSA2 have been further developed based
on specific goals such as the Graph BWT [19], in short GBWT, aiming to query haplotypes
in a pangenome graph. In a general formal setting, a pangenome graph can be modeled as a
node-labelled graph.

In this paper, we propose gindex a novel method for indexing a sequence labeled graph
that is based on the BWT for indexing the collection of labels. More precisely, we face the
problem of finding all occurrences of a pattern P in a generic graph G, where such occurrences
are given by providing either the path where the pattern matches the concatenation of their
labels or the initial node where the match of the pattern P to a path label starts.

The main advantages of gindex rely on a simple and clean theoretical modeling of
the graph combined with a deep insight into several aspects of the implementation of the
method. One of these remarkable contributions regards the use of a preprocessing step
to avoid redundant operations on short strings that occur many times in the input graph.
Furthermore an original contribution of gindex is the idea of precomputing a cache of the
first search intervals - which are the most complex - allowing for a noticeable improvement
of querying time at the expense of negligible memory usage.

Moreover, gindex can perform space-efficient indexing even on large graphs because the
construction is not affected by complex regions inside the graph, while state-of-the-art tools
struggle when dealing with such regions.

A main advantage in terms of queries of gindex w.r.t. GCSA2 is that gindex does not
pose any limitation on the length of queries. This is remarkable when dealing with particularly
long queries, as those represented by long reads generated by the new sequencing technologies,
such as PacBio and Nanopore. In particular, gindex is able to scale on large pangenome
graphs such as the ones built by the Human Pangenome Reference Consortium [24] built
from a large collection of human genomes [14]. In particular gindex allows indexing of and
fast querying on large graphs, even on machines with limited amount of available memory,
which is currently not possible with prevailing indexing tools.
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During the development of gindex a similar indexing for Elastic Degenerate Texts has
recently been proposed [5] using a generalization of the extended-BWT, that is the BWT
for a collection of sequences. We note that Elastic Degenerate Texts are a restriction of
directed acyclic labeled graphs, and that the similarities are related only to technique of
backward-intervals merging.

2 Preliminaries

2.1 Pattern matching on strings

Let ¥ = {c1,...,¢s} be a finite, ordered alphabet of cardinality o = ||, and let $,%1,9%2,. ..
be an infinite number of terminal symbols. Let < denote the lexicographic order; we assume
that $ <$1 <% <+ <c1 <... < C|z|- We define a string S over 3 to be a concatenation
of n symbols S = S[1..n]. We denote the i-th prefix of S as S[1..i], the i-th suffix as S[i..n],
and the substring spanning positions ¢ through j as S[i..j]. The set of all non-empty strings
made of symbols from ¥ is denoted by XT. If P and T are two strings, we say that P
occurs in T at position 1 < i < |T| (or, equivalently, that ¢ is an occurrence of P in T) if
Tli..i+|P|—1]=P.

Given an input string S ending with symbol $ ¢ X, we consider all rotations of S in
lexicographical order. We denote the matrix of these rotations, which is commonly referred
to as the Burrows-Wheeler Transform Matriz [3], as M. Since the rows of M are stored
lexicographically all occurrences of any pattern P occur together in a contiguous range,
implying that finding all occurrences of P in S correspond to finding the contiguous range of
rows beginning with P. Although M requires O(n?)-space to be stored, it is sufficient to
store and use only the first column (denoted as F) and the last column (denoted as L) of M:
this crucial property is known in the literature as the LF-mapping [8], which maps the i-th
occurrence of a symbol c in L to the i-th occurrence of a symbol c in F. In fact, such two
occurrences of ¢ in columns F' and L, correspond to the same symbol in the original text T

The Burrows-Wheeler Transform of S, denoted as BWTg, is in fact column L. We denote
BWTg as simply BWT if there is no ambiguity. The starting positions of all sorted rotations
is a permutation of {1,...,n}, and is referred to as the suffix array [17] of S since it is
equivalent to the lexicographical sorting of all the suffixes of S. We denote this by SAg, or just
SA if S is clear from the context. It is not difficult to see that BWT][i] is the symbol preceding
F[é] in S and thus BWT can be computed from the suffix array: BWT[i] = S[SA[:] — 1],
where, due to the rotational nature of the transform, we set BWT[i] = $ in case of SA[i] = 1.

A classic problem in computer science is the string matching problem: given strings T’
(the text) and P (the pattern), the goal is to count and/or locate all occurrences of P in T.
Arguably one of the most successful ideas to solve this problem, especially in the presence of
large texts, is the celebrated FM-index [8] which heavily relies on the LF-mapping. Consider
the interval [i..j] of rows of M that start with P. As already mentioned above, BWTr[i..j]
corresponds to the symbols preceding F[i..j] in T, hence, for any ¢ € X, the interval [i’..5']
of rows that start with c- P can be retrieved via the LF-mapping. This operation, which is
referred to c-backward step or c-backward extension (and for which we will omit the c-prefix
when there is no ambiguity), can be implemented to run in either constant time [8] or, in case
one would like to lessen the memory burden, in O(log o) using suitable data-structures [10].
In the following, any such interval [i..j] in BWT will also be called c-backward interval, and
the complete sequence of backward steps to retrieve the entire P as the backward search.

There has been extensive work in the literature to generalize the Burrows-Wheeler
Transform from single strings to collections of strings. We will use one such generalization,
namely the Multidollar Burrows-Wheeler Transform [18, 4].
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» Definition 1 (Multidollar-BWT). The Multidollar-BWT of a multiset of strings X =
{z1,...,zn} is the Burrows-Wheeler Transform of Tx = x1$122%2 ... 2,8, still denoted by
BWT.

The following two simple properties, which are direct consequences of Definition 1 and
which are discussed in Example 9, will be used in our algorithm.

> Property 2. Let T = 21$1 - 2385, and let 1 < i,j < |T| be such that BWT[i] = $;. If
j = h, then T[SA[i]] = z1[1]; otherwise, T[SA[i]] = xj4+1[1].

» Property 3. Let T = 1%1 - xp8n. Then, for every 1 < ¢ < h it holds that BWTI[i] =
xi[|zi|]. That is, the first h symbols of BWT correspond to the last symbols of x1, ..., xp.

2.2 Pattern matching on graphs

In this paper, we are concerned with a more general version of the pattern matching problem
where a pattern is searched inside a labelled graph.

» Definition 4 (Node-Labelled Graph). A node-labelled graph is a triplet G = (V, E,{) such
that V is a set of nodes, E CV xV is a set of directed edges, and £ : V — XV is a labelling
function that assigns to each node v € V a label {(v) € X7

In the following, whenever we mention the term graph we are assuming that it is node-
labelled. We extend the labelling function ¢(-) to any path @ = (v1,...,v;) by simply
representing £(m) = £(vy) -+ - £(vg).

In this context, in order to locate where a pattern P occurs in the graph G we define two
notions: (i) the coarse occurrence, in which we are interested only in the starting node (say
v) of a path where P occurs; (ii) the fine occurrence, where we are also interested in the full
path where P occurs. Formally:

» Definition 5 (Coarse and Fine Occurrences). Let G = (V, E, () be a graph, and P be a
pattern. A fine occurrence of P in G is a path m = (v1,va,...,v) such that P occurs in
0(m), starting in v1 and ending in vg. In such a case, we also say that the sole node vy is a
coarse occurrence of P in G.

Notice that, in contrast to the string-against-string matching, both a fine and a coarse
occurrence can be testified by more than one path.
The goal of this work is to solve the following;:

» Problem 6 (Coarse (Fine) Graph Pattern Matching Problem). Given as input a graph
G = (V,E{), and a pattern P, the goal is to return as output the set of all coarse (fine)
occurrences of P in G.

2.3 GCSA2

GCSA (Generalized Compressed Suffix Array) [23] and GCSA2 [21, 22] are BWT and
FM-index generalizations developed initially for directed acyclic graphs (GCSA) and later
extended to support also cyclic graphs (GCSA2). These approaches were inspired by similar
BWT-based indexes for de Bruijn graphs [2]. The latter is currently integrated as a part of
the VG toolkit [9].
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Previous experimental evaluations proposed in GCSA2’s publication proved the efficiency
of this index in terms of performance; according to the authors, GCSA2 performs pattern
matching on graph path label concatenations almost as well as classical FM-index approaches
on texts of similar sizes [21].

In this paper, we propose an alternative graph indexing method with the goal of overcoming
two of the main limitations of GCSA2: (i) the high memory requirements for indexing the
graph, especially in the presence of complex regions and (ii) the possibility of obtaining false
positive results for long queries. Regarding (i), this behavior is strongly related to the GCSA2
construction algorithm which relies on various iterations of the prefix-doubling algorithm to
build the underlying de-Bruijn graph. This approach consists of repetitively joining k-length
paths into paths of length 2k in the input graph; even with two or three iterations, on large
graphs, the algorithm requires hundreds of gigabytes of RAM even if it stores all the possible
temporary data on disk, as stated in [21]. With respect to issue (ii), the length of the queries
is bounded by k, where k is the k-mer size used in the underlying de-Bruijn graph, currently
the maximum size possible is k = 256, due to technical details in the implementation®.

3 The Algorithm

In its full generality, the algorithm we propose can be used to solve Problem 6 for any
node-labelled graph. In this work, a particular focus will be given to pangenome graphs,
which are graphs labelled by strings from the alphabet ¥ = {A, C, G, T}. For simplicity of
exposition, we assume that the nodes are ordered as vy, va,...,v)y| in a way that for every
1=1,2,..., ‘V‘ it holds L; = £(v;).

The high level idea is the following. Given the graph G and the pattern P, we start by
searching simultaneously in all labels for the existence of an occurrence of P, in a backward-
search manner. Whenever a label, say L;, is ezhausted, we jump to all incoming neighbours of
v; and continue the search inside their labels. In order to do so efficiently, we first construct
BWT «: the multidollar-BWT of the collection of labels . = {{(v) : v € V}, from now on
simply denoted by BWT. Our index, gindex, will in fact be the pair (BWT, G).

As already said in Section 2.1, we leverage Properties 2 and 3, which we now restate in a
way that suits better our graph-oriented application.

» Property 7. Let G = (V, E,{) be a graph, BWT be the multidollar-BWT of the collection of
labels of G, and [b,e] be a c-backward interval obtained after a backward step, for c € X. Let
b <i<e such that BWT[i] =$;, for some j. Then, if j = |V| label L1 has been ezhausted.
Otherwise, label L; 1 is ezhausted.

» Property 8. Let G = (V, E,{) be a graph, BWT be the multidollar-BWT of the collection
of labels of G. Then, the symbols BWT[1],...,BWTI|V|] correspond to the last symbols of
Li,....Ly).

The graph is explored similarly to how we explore the text using the classical single-text
BWT, scanning the pattern P from the right to the left. While on a text a backward interval
is transformed into a new backward interval via the LF-mapping, this property is lost when
dealing with a graph. Indeed, in case a label is exhausted, say L;, the incoming neighbours
of v; must be explored afterwards: this will create multiple new intervals. For this reason,
we will maintain a list £ of all such backward intervals: (i) those obtained by finishing to

! https://github.com/jltsiren/gcsa2
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visit a node in the graph using Property 8, and (ii) at most one additional backward-interval
that represents all the occurrences that fall entirely inside a label. The latter is the same
backward-interval produced by each iteration in a classical multidollar-BWT where the
pattern can be shared between two strings of the concatenation, due to the absence in the
pattern alphabet of the dollar symbol that separates them. In the graph context, this interval
represents every possible match of the current suffix of the pattern in each label, without
falling over two or more labels.

Our approach to solve Problem 6, finding all coarse occurrences, is given in Algorithm 1.
It is divided into two functions: the main function MATCH and the auxiliary procedure
MULTIEXTEND.

To query a pattern P, we start by performing the classic backward search algorithm
(lines 3-4). MULTIEXTEND(L, c) is responsible for updating the backward-interval set L.
After each interval extension, whose result is possibly added to £ (lines 21-23), we check the
presence of the dollar symbols in the set of the backward-intervals £. If any dollar is found,
it means that we finished visiting a node label and we need to continue the visit in all the
predecessors of that node. According to Property 8, we know the symbols in the BWT that
correspond to the last symbols of the predecessor nodes, therefore we add a new interval
of size one to L that covers exactly this index position for each predecessor node, if this
predecessor node ends with the next pattern symbol (lines 24-27).

Note that in Algorithm 1 we do not include this additional check for the sake of simplicity,
but we leave a comment in its place.

If we want to return all the fine occurrences, we need to augment each backward-interval
with the ordered list of the already traversed nodes. This list is updated each time we
jump from one node to another. Note that by merging two consecutive backward-intervals
I, and I into a bigger interval I3 to disambiguate I; and I inside I3 we would require
additional information of all the lists of all the visited nodes, thus greatly incrementing
the memory requirement. Not being able to perform merging optimization means having
many more backward-intervals that need to be extended at each iteration, resulting in slower
performances in practice. Furthermore, with this method if the same interval is visited by
different paths we have to add to the backward-intervals set the same interval for each visited
path, resulting in redundant backward operations to perform. Notice that in this scenario
L may contain multiple instances of the same backward interval, becoming technically a
multiset.

We will not consider this variant in Algorithm 1 description, however, we will present
some experimental results in the dedicated section.

On the other hand, if we require just the starting node, we can merge all the consecutive
backward-intervals at the end of each iteration, reducing the number of backward extensions
needed (line 28). After scanning the entire pattern, we obtain a final set of backward-
intervals £ for which we can compute all the starting nodes of the exact matches of P against
the graph as follows: for each interval in £, we scan the corresponding set of symbols in
the multidollar-BWT representing the starting symbol of a match, however to obtain the
node that contains it we need to iteratively perform the classical BWT text reconstruction
algorithm until we reach a dollar, from which we can get the corresponding node according
to Property 7 (lines 7-16). Conversely, if the set £ is empty then the pattern is not found
(lines 5-6).
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Algorithm 1 High-level view of all coarse occurrences finding algorithm.

1
2
3
4:
5:
6.
7
8
9

10:
11:
12:

13:
14:
15:
16:

: function MATCH(P, BWT, G)
L« {(1,[BWT))}

L < MULTIEXTEND(L, P[i])
if £ =0 then
P not found in G
for all (b,e) € L do
for all : € BWT[b..e — 1] do
c < BWTIi]
while ¢ # $; for some j do
(i,7+ 1) < EXTEND(4,% + 1,¢)
c + BWTJ[]
if c = $;| then
Report occurrence at node v1
else

17:

18

19:
20:
21:
22:
23:

24:
25:
26:
27:
28:
29:

: function MULTIEXTEND(L, c)
Lnew +— &
for all (b,e) € £ do
(t',€') + EXTEND(b, e, c)
if ¢/ > b’ then
PUSHINTERVAL(Y , €', Lpew)
NODES < GETENDNODES(b, €)
for all v € NODES do
for all v, € PREDECESSORS(v) do
PUSHINTERVAL(a,a + 1, Lynew)

Lnew < MERGE(Lnew)
return L, e

for i = |P| downto 1 do > Scan the pattern and update the backward-intervals set £

> Find all starting nodes of the matches

> Classic BWT backward extension

Report occurrence at node j+ 1, where c = $;

> Classic BWT backward extension

> Add interval (b',¢€’) to set £
> Get ending nodes by dollars in [b..e — 1]

> Jump to all the predecessors of v

> Merge consecutive intervals

13:7
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» Example 9. To better understand our approach we present here a simple example. Consider
the following labelled graph:

We extract the five labels from the nodes: L; = CTCACT, L, = TAG, L3 = AC,
L, = CGG, Ls = CTCTCG. According to the algorithm description, we concatenate all of
them in a text T separating them with five unique terminating symbols:

T = CTCACT$; TAG$,AC$;CGGE,CTCTCGSs5,

for which we build the corresponding multidollar-BWT. To better visualize the approach,
we show the whole multidollar-BWT, including the rotations matrix and highlighting the F’
array, which is the first column of the rotation matrix and contains all the symbols of T" in
lexicographical order.

s}
2
=

3

&
=

TAG$2AC$3CGGS,CTCTCGSsCTCAC
AC$3CGG$4,CTCTCGS$;CTCACTS: TA
CGG$,CTCTCGEsCTCACTS; TAGS A
CTCTCG$;CTCACTS$: TAG$,AC$3CG
CTCACT$, TAG$,AC3$3CGG$,CTCTC
C$3CGGE,CTCTCGEsCTCACTS TAG
CT$:1 TAG$2AC$3CGG$,,CTCTCGSsCT
G$2AC$3CGGS4,CTCTCGS;CTCACTS,
$3CGGE4,CTCTCGYsCTCACTS: TAGS:
ACT$: TAG$2AC$3CGGE4CTCTCGS5C
G$5CTCACTS$: TAG$AC$3CGGE4CTC
GG$4CTCTCGS5CTCACTS, TAGS:AC

© 00 N O U W N

—_ = =
N = O

13 T$:1 TAG$2AC33CGGE,CTCTCGS;CTC

TCACT$: TAG$2:AC$3CGGE4,CTCTCG
15 TCG$5CTCACTS; TAGS$2ACS3CGGS4C
16 TCTCG$sCTCACT$: TAGS,AC$3CGG
17 $2AC$3CGGE4CTCTCGSsCTCACTS, T
18 $4CTCTCG$sCTCACTS$: TAGS$ACS$5C

—
©

$5CTCACT$ TAG$2AC$3CGGS$,CTCT
G$4CTCTCGS5CTCACTS; TAGS2ACS3
$1 TAG$2AC$3CGG$,CTCTCGS;CTCA
AG$;AC$;CGG$,CTCTCGE;CTCACT
CACT$: TAG$2AC$3CGGS,CTCTCGSs
CG$5CTCACTS$ TAGS2AC$3CGGS4CT
CTCG$5CTCACTS1 TAGS$2ACS$3CGGSy

NN NN
w NN = O

[\
—~
aaoaafaqaQerfRFerfSARrHQATFOQOQOQAS

H
=~
HHAHHR 000000 QCQE LY

[\]
ot

To see the extension step consider for example the interval [13..17) and suppose we
want to extend it with a certain pattern symbol ¢ € ¥. We have $4 and $5 in the BWT,
marking that we can reach, respectively, the beginning of node 5 and node 1. Node 1 has no
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predecessors while node 5 has only node 4, therefore we can add the interval [4..4] to our
backward-intervals £ set and continue the backward search. Finally, we need to add the
extension of [13..16] by o to £ to continue the pattern search.

3.1 Complexity analysis

Consider now one step in Algorithm 1. The complexity of this step scale in the size of the
backward-intervals set, i.e. we have to perform one backward-extension for each interval. If
we have merged all the consecutive intervals, solving coarse Problem 6, in the worst case we
need to consider |[BWT]|/2 for the next step. On the other hand, if we consider the backward-
intervals multiset in the case of fine occurrences we can not bind its cardinality, making it
difficult to establish a time and space complexity bound for finding all fine occurrences.

Focusing on the first case, having to iterate the pattern P and having to perform at
most |[BWT|/2 extension for each symbol of P, we have in total |P|(|BWT|/2) backward
steps. In addition, the time required to retrieve the ending nodes in each backward-interval
and their predecessors is bounded by the number of possible backward intervals multiplied
by the number of nodes, i.e. (|[BWT|/2)-|V|. Having |BWT| > |V|, we can conclude that
our algorithm runs in O(|P||BWT|B) time, where B is the time of a single backward step.
Regarding space, we are bounded by the size of the BWT and the size of the graph. We need
to store the multidollar-BWT index, which requires O(|BWT]|) space, the graph adjacent
list, which requires O(|V'| 4 |E|) space, and the set of backward-intervals, which requires
O(|BWT]) space.

3.2 Preprocessing

Recalling how we designed our approach, after the first iteration we will add to the backward-
intervals set one interval for each predecessor of every node that starts with the last pattern
symbol. In fact, without considering the merging step or any further optimization, we have
to check all the dollar symbols in the backward-interval we get after the first extension. In
Example 9, suppose that the pattern ends with the symbol C. With the first backward-
extension, we fall into the interval [9,17), which contains three dollars: $3, $5 and $4. By
Property 7, C is the first symbol of labels Ly, Ls and L; and we need to add one interval for
each predecessor of these three nodes.

We can expect the cardinality of this new set of backward-intervals to be =~ |V|/|X],
assuming a uniform distribution of the first symbols on the labels L. Iteration by iteration
the size of the set decreases exponentially, having discarded all the mismatching paths. In
Figure 1 we show this behaviour. One of the main bottlenecks of this algorithm is the
extension of the backward-intervals set in the first iterations, as the cardinality of the set
is exponentially larger when we are searching short suffixes of the pattern. To alleviate
this issue and allow to scale on large pangenome graphs, such as the ones from HPRC, we
implemented a preprocessing step that computes the £ sets for any possible x-length string
over the alphabet 3, for fixed z during the indexing phase. In detail, we precompute all the
matches for all |X|* strings. We refer to this precomputed set as cache of length x. This
cache allows us to skip all the first « iterations during the querying phase and access directly
the backward-interval sets for P[|P| — z], thus skipping the exponential search. Therefore,
trade-off the initial computation time and disk usage to gain a considerable speedup in time
during the querying. The entire cache needs to be stored on disk and it needs to be entirely
loaded into memory when we query the index. Increasing the value of x allows us to skip
more iterations, but at the cost of disk and RAM usage, therefore we utilized the results
from Figure 1 to select a threshold that gives us a compromise.
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—— Drosophila
—— HPRC MiniGraph
HPRC MiniGraph-Cactus

8000000 1

6000000 1

4000000 1

Cardinality of backward-intervals set

2000000

T T T + + T T T T T T T
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Backward search steps

Figure 1 Average cardinality of backward-intervals set £ for the three input graphs. The average
is computed from a simulation of 100 random queries. The vertical lines represent the average
positions (over the 100 queries) where the cardinality of the backward-interval sets reaches 1 for the
first time.

By computing the cache the indexing time is increased, thus to optimize this task, we
developed a parallel algorithm that starts from the backward-intervals of each o € 3 which
is then extended with each o’ € X; such extensions can be computed in parallel. The process
is repeated = times until the matches of all the x-length strings are computed. With a naive
approach we would have many repeated extensions to compute that are not necessary; for
example two patterns CAAA and TAAA all have the common AAA suffix, that does not
require to be recomputed for each pattern, since the backward-interval set is the same for all
common suffixes. Therefore we implemented a tree-based approach in which each iteration
extends a suffix with the all the o without the need to recompute already processed patterns.
With this approach, we perform only the necessary > ;_, |X|* extensions, instead of the all
the z - |X|*; furthermore, each of these extensions can be executed in parallel, since they are
independent. Thanks to this optimization we can heavily reduce the impact of the cache
computation time.

Figure 1 clearly shows the trend of the cardinality of the backward-interval sets £ -
further motivating the use of the caching step - that exponentially decreases at each iteration,
reaching a small enough value at around step 5. The vertical lines in the plot indicate the
average position where the cardinalities reach a value of 1. In the experimentation, we
tested various cache lengths to evaluate its impact, suggesting to use a value of around 7
to obtain a good trade-off between computational time, memory usage and querying speed.
Increasing the length too much would also result in computing patterns that would rarely
occur when performing pattern matching (due to their higher granularity) that results in
wasted resources.

While technically the cardinality of £ is not strictly monotonic decreasing, as in the
presence of multiple predecessors with the same ending symbol dimension may increase for a
few iterations, it is also likely to drop shortly after or to stabilize to the number of actual
occurrences of the pattern.
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4 Results

We evaluated the performances of gindex by comparing it against GCSA2 on real pangenome-
graphs to solve Problem 6 using simulated queries. We evaluated maximum memory usage
and execution time for both the graph indexing step and querying step. In the experimental
setting, we used VG toolkit [9] to index the graphs for GCSA2 and we randomly simulated
fixed-length queries extracting them directly from the input graph. In detail, we randomly
select a starting node and a starting offset inside its label. Then we visit a path starting from
this node, randomly selecting each time the successor node, until the label concatenation
reaches the required length.

We implemented gindex in C++ using MFMI?, a RopeBwt2 [12] and RLCSA [20, 16]
fork, as multidollar-BWT index implementation. We ran our experiments on a machine
equipped with an Intel Xeon CPU E5-4610 v2 (2.30GHz), 256 GB of RAM, 8 GB of swap,
and Ubuntu 20.04.6 LTS 64-bit with kernel 5.15.0. gindex is compiled with the -03 flag.
Execution times and memory peaks are retrieved using the Unix time command. The source
code is available at: https://github.com/dlcgold/graph_index.git.

4.1 Input data

In our experiments, we tested three different pangenome graphs:
Drosophila pangenome graph with 10M nodes, 12M edges, a maximum max degree of

15, an average degree of 1.18 and 144M bp. It was built by VG using 205 haplotypes [15].

This graph has at most 32 bp per node and has been pruned to delete complex regions
with many variants that prevent indexing using GCSA23;

Human Pangenome Reference Consortium (HPRC) pangenome graph [14]
built using MiniGraph [13]. This graph has 12M nodes, 13M edges, a maximum degree
of 74, an average degree of 1.02 and 3.2B bp. We slightly modified this graph to have all
nodes with at most 256 bp, trying to avoid issues with GCSA2 indexing* and fixing the
labels’ maximal length to the maximum k-mers size supported by the tool (256bp);
HPRC pangenome graph built using MiniGraph-Cactus [11]. This graph has 80M
nodes, 110M edges, a maximum degree of 39, an average degree of 1.39, and 3.1B bp. No
modification has been necessary to use this graph.

4.2 Experiments

Table 5 shows the file sizes on disk of all gindex components for the three input graphs. In
detail, we need to store the RopeBwt2 index, the topology of the graph as the adjacency
list of the predecessors, the label names and the BWT dollars order. The latter is needed
because RopeBwt2 does not distinguish different dollars.

To test the efficacy of gindex we tested the method on all the pangenome graphs with
three different modes of execution:

Cache length z: indexing with a cache computation of length z and returning the

starting nodes of each match (coarse occurrence);

No Cache: indexing without using any cache and returning the starting nodes of each

match (coarse occurrence);

2 https://github.com/ldenti/mfmi.git

3 https://github.com/vgteam/vg/issues/4404
4 https://github.com/jltsiren/gcsa2/issues/44
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Full Path: indexing without using any cache and returning the complete paths that

match the query (fine occurrence).

These settings would allow us to explore in detail the properties of both the method and its
implementation.

Note that we do not perform a full path match with caching mode because this would
require to include in the cache also all the possible paths in the precomputed intervals,
therefore greatly affecting memory usage, computation time and implementation complexity
without a clear advantage, considering the fact that the only other available implementation
(to the best of our knowledge) GCSA2 only reports the starting node of the match.

4.2.1 Drosophila

Table 1, shows the indexing results for the Drosophila pangenome graph using cache lengths
values of 1, 4, 7, 10 and no cache; note that cache 10 is presented for the demonstrative
purpose of scaling, we do not expect it to be used in a real scenario. Considering no cache as
baseline, using cache length 10 results in a 120x increase in computational time, while cache
length 7 only a 3x increase. On the other hand, while a disk space increase is inevitable, it is
not a noticeable amount, with at most 2.41 GB (for cache 10) which is negligible in modern
systems. Regarding RAM usage, increasing the cache length requires more resources, but, as
shown in the table, this usage scales smoother than the time requirements, with a maximum
value of 24.9 (~3x for length 10 compared to the baseline). The trade-off between indexing
time, memory usage and size on the disk indicates that length 7 is most likely the best value
for this experiment. For this drosophila graph, all the other gindex index files require less
than 500MB on disk. In this case, a cache of length 7 seems to be a fair trade-off between
execution times and memory requirements.

GCSA2, on smaller graphs like this one, is able to fully index the input pangenome;
however, as shown in Table 1, it tends to be not as efficient as gindex in terms of both
memory usage and indexing time (with the sole exception of cache 10). Such requirements
will also affect the experiments on larger graphs. Regarding disk usage, GCSA2 index requires
about 1.5GB, resulting in a ~ 3x increase with respect to gindex without cache and about
70% of the space necessary for cache length 7.

Table 2 shows the results of the querying phase using 10000 random generated queries
for each fixed length of 100, 5050 and 10000. GCSA2 outperforms gindex both in time and
memory usage, even when using a length 10 cache; however as already pointed out, due to
its implementation constraints, GCSA2 also could report some false positive matches for
queries longer than 256bp; therefore, in similar cases, the performance limits of GCSA2 are
evident only in the index phase and not in the querying phase.

Regarding gindex, an increase in the length of the queries does not lead to significant
increases in RAM usage or execution time . Short patterns, due to their nature, can have
larger amounts of matches in the graph, explaining why in some cases queries of length
100 may require more time, since each of these occurrences, once computed, must also be
reported in output.

Memory requirements are naturally increased with larger cache lengths, since it is necessary
to load in RAM more precomputed interval sets.

The full path output requires inevitably more time than just outputting the first node,
because at each backward-extension it is necessary to follow each individual interval to
obtain - at the end - the entire path; however the impossibility of performing intervals
merging operation results in lower memory usage, since such operations require auxiliary
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Table 1 Index time and max memory result on drosophila pangenome graph.

Tool || Mode Wall Clock (s) | Max Mem (GB) | Cache Size (GB)
Cache length 1 282 7.6 0.37
) Cache length 4 344 16.5 1.06
gindex
Cache length 7 877 19.1 1.73
Cache length 10 30185 24.9 2.41
No Cache 251 7.5 —
GCSA2 - 3174 20.1 -

data structures. Given its limitations, the full path output is currently only usable on small
graphs.

Table 2 Query time and max memory results on drosophila pangenome graph.

Tool ‘ Mode ‘ Query length | Wall Clock (s) ‘ Max Mem (GB)
100 128207 4.80
Cache length 1 5050 117212 4.68
10000 129999 4.68
100 6871 6.58
Cache length 4 5050 6219 6.58
10000 7196 6.58
100 1036 9.70
Cache length 7 5050 1576 9.70
) 10000 1202 9.70
gindex
100 887 13.25
Cache length 10 5050 940 13.25
10000 1130 13.25
100 56008 1.54
No Cache 5050 64691 1.50
10000 66479 1.49
100 69195 1.24
Full Path 5050 66636 1.24
10000 67955 1.24
100 1.72 0.61
GCSA2 - 5050 52.80 0.61
10000 96.58 0.61

4.2.2 HPRC graphs

Based on the results on the smaller graph, we decided to compute gindex only with no
cache and cache length 7, that we found to be a good trade-off between indexing costs and
querying speed-up.

Table 3 shows the indexing performance results on HPRC pangenome graphs. On our
machine, we were not able to index either of these two graphs using GCSA2 as after more
than 20 hours of computation time (on 64 threads) it failed to index the graphs exceeding
the available amount of RAM of 256GB. As shown in the table, for MiniGraph pangenome
graph, precomputing the cache of length 7 requires only a 1.3x time increase with respect to
the baseline (no cache), with a negligible increase in RAM and disk usage.
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Table 3 HPRC pangenome graphs indexing results.

HPRC Graph ‘ Mode H Wall Clock (s) ‘ Max Mem (GB) ‘ Cache Size (GB)
. No Cache 5580 42 -
MiniGraph Cache length 7 7380 15 2.4
. No Cache 8880 104 -
MiniGraph-Cactus | . 10 length 7 15540 183 16

Table 4 HPRC graphs query results with 100 queries of various lengths.

HPRC Graph Mode || Query length | Wall Clock (s) | Max Mem (GB)
100 67 13.7
Cache length 7 5050 65 13.7
10000 68 13.7
100 747 3.1
MiniGraph No Cache 5050 849 3.1
10000 786 3.1
100 741 2.8
Full Path 5050 900 2.8
10000 753 2.8
100 550 84.6
Cache length 7 5050 469 83.3
10000 482 83.3
100 5406 11.7
MiniGraph-Cactus No Cache 5050 4535 11.7
10000 4506 11.7
100 4563 10.7
Full Path 5050 4372 10.7
10000 4486 175

Similar behaviours are also present in the pangenome graph computed by MiniGraph-
Cactus, where precomputing cache with length 7 requires almost double time and RAM.
Note that the size of the graph is not the only aspect to consider for estimating resources,
because the topology of the graph - frequency of bubbles and repetitions in the labels - also
make an important impact on the computation.

Table 4 shows querying performance results on the HPRC pangenome graphs using 100
randomly generated queries of lengths equal to 100, 5050 and 10000. Running gindex with
a cache length 7 yields in ~10x querying speed-up at the cost of ~4x more RAM. Finally, the
full path output takes about the same time and memory as running gindex without cache,
except for queries of length 10000 on the MiniGraph-Cactus graph, which required more
RAM.

It is clear, Table 4 that in some cases the cache might result in a large amount of memory
required, such as in the MiniGraph-Cactus graph, depending on the characteristics of the
graph; however, its cost is heavily offset by the benefit in time. We advise the user to
test different values of the cache length based on the application context and the resources
available.
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Table 5 Auxiliary files produced by the methods, GCSA2 failed to compute on the two HPRC
graph on our machine.

Method H Drosophila MiniGraph MiniGraph-Cactus
bwt: T9MB bwt: 1.5GB bwt: 1.5GB
ind graph: 174MB graph: 200MB graph: 1.5GB
index
& labels: SOMB | labels: 9MB | labels: 611MB
dollars: 160MB | dollars: 198MB | dollars: 1.2GB
: 566MB - -
GCsA2 || &2
lcp: 358MB - -

5 Conclusions

In this manuscript, we presented gindex, a novel graph indexing approach that extends the
use of the multidollar-BWT to solve the graph pattern matching problem, in a pangenomics
context. In particular, we presented an approach able to scale on human pangenome graphs;
additionally, we proposed further optimizations leveraging the use of a preprocessing caching
step which allows to avoid the on-the-fly computation of the more expensive steps of our
approach, alleviating the running time in the most crucial phase.

Our experimental results show that, when dealing with small graphs, GCSA2 outperforms
gindex in querying efficiency, albeit requiring a huge amount of time and memory in indexing
and retaining its querying constraint on the pattern length. In contrast, our approach scales
on much larger pangenome graphs, such as the HPRC ones, which require GCSA2 a very
large amount of RAM and time, we were not able to compute them using the available
256GB of RAM in our experimental setting.

Future developments should be devoted to a more succinct representation of the backward-
interval set and a different merging approach of consecutive intervals that avoid the loss of
information about the full matching path.

Additionally, a different mode of execution that consider matches on a colored graph
could be developed; in the context of indexing pangenome graphs a main distinction has
been described in the literature between variation and sequence graphs. In variation graphs,
differently from sequence graphs, a number of distinguished paths are specified in the input
data that could biologically represent distinct haplotypes or distinct genomes. While GCSA2
is not meant for indexing this types of graphs; gindex can be extended by tweaking the
full path mode to also store the colors of the visited nodes and check whether they match
the color of each predecessor node before expanding on it. Optimizing the use of colors is
however a critical issue for dealing with variation graphs.

Lastly, it would be interesting to test gindex as the base of downstream analysis on
human pangenomes, even on lighter machines, leveraging the lower requirements of our
approach, even on the analysis of larger graphs.
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