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Abstract

Multiple sequence alignment is essential for many biological down-
stream analyses, but accurate alignment of large datasets, especially those
exhibiting high rates of evolution or sequence length heterogeneity, is still
unsolved. We present SALMA, a new multiple sequence alignment that
provides high accuracy and scalability, even for datasets exhibiting high
rates of evolution and great sequence length heterogeneity that arises from
evolutionary processes. Like some prior methods (e.g., UPP, WITCH, and
MAFFT-sparsecore), SALMA operates in two distinct stages: the first
stage computes a “backbone alignment” for a subset of the sequences,
and the second stage adds the remaining sequences into the backbone
alignment. The main novelty in SALMA is how it adds the remaining
(“query”) sequences into the backbone alignment. For this step, which we
refer to as SALMA-add, we use divide-and-conquer to scale MAFFT-linsi
--add to enable it to add sequences into large backbone alignments. We
show that SALMA-add has an advantage over other sequence-adding tech-
niques for many realistic conditions and can scale to very large datasets
with high accuracy (hundreds of thousands of sequences). We also show
that SALMA is one of the most accurate compared to standard align-
ment methods. Our open source software for SALMA is available at
https://github.com/c5shen/SALMA.

1 Introduction

Multiple sequence alignment (MSA) is a crucial precursor to many down-
stream biological analyses, such as phylogeny estimation [16], RNA struc-
ture prediction [20], protein structure prediction [9], etc. Obtaining an
accurate MSA can be challenging, especially when the dataset is large
(i.e., more than 1000 sequences), has a high evolution rate, or has se-
quence length heterogeneity. Some of these issues have been reasonably
well addressed through the newer alignment methods, but sequence length
heterogeneity, whether resulting from large insertions or deletions (i.e.,
“indels”) in the evolution of the sequences or through the inclusion of reads
or incompletely assembled gene sequences, still presents significant chal-
lenges for accuracy [17, 22, 26]. Various techniques have been developed
for this problem, with UPP [17], WITCH [21] and MAFFT-sparsecore
[27] perhaps the most relevant. Each of these methods, albeit with slight
differences in design, operates in two stages: the first stage extracts and
aligns a subset of the sequences, and the second stage adds the remaining
sequences into the constructed subset alignment. Of the three methods,
WITCH has been shown to improve on UPP for accuracy but is more com-
putationally intensive [21], and no comparison has yet been made between
MAFFT-sparsecore and these other methods.
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A related computational problem of increasing importance is adding
one or more sequences into an existing alignment. This problem is rel-
evant to the case, for example, of an evolutionary biologist interested
in constructing large gene family trees and then updating them rather
than computing the alignment from scratch each time a new sequence is
made available. There are specific commands within MAFFT that enable
sequences to be added into a user-provided alignment, including the --
addfragments and --add commands [11]. Moreover, the UPP and WITCH
methods also explicitly enable sequence addition into existing alignments,
by allowing the user to provide a backbone alignment and thus skip the
first stage of their two-stage process (this capability does not seem to be
available in MAFFT-sparsecore). Thus, these two MSA problems are re-
lated, with solutions for the second problem (i.e., adding sequences into
an alignment) relevant to the first (i.e., computing MSAs in the presence
of sequence length heterogeneity).

We present SALMA, a new approach to aligning sequences with se-
quence length heterogeneity. Like UPP and WITCH, SALMA operates
in two stages where the first stage extracts and aligns a subset of the
sequences, and the second stage adds the remaining sequences into that
initial subset alignment (which we will refer to as the “backbone align-
ment”). The innovation in SALMA is in its second stage, where it uses
a new divide-and-conquer technique, referred to as SALMA-add, to add
the remaining sequences into the backbone alignment. Moreover, this ap-
proach enables SALMA to align datasets with hundreds of thousands of
sequences with high accuracy. We show, through an experimental study
involving large biological and simulated datasets (both nucleotides and
proteins) that SALMA scales to large datasets. We study alignment of
two domains from serine recombinases, which perform numerous biological
roles: replicon resolution, DNA inversion, and chromosomal integration
of genomic islands. These proteins are often encoded on mobile DNAs,
so expected to have a high rate of evolution. It is also one of the most
accurate alignment methods under many biologically realistic conditions.

The rest of the study is structured as follows. We present the back-
ground material, including a discussion of existing methods, in Section
2, and we present SALMA in Section 3. We present the design of the
experimental study in Section 4, and the results of the study are provided
in Section 5. We discuss trends in Section 6 and conclude with directions
for future work in Section 7.

2 Background

2.1 UPP-add

We refer to the second stage of UPP [17] as UPP-add. Given a backbone
alignment, UPP-add builds an ensemble of Hidden Markov Models (i.e.,
an eHMM) to represent the backbone alignment, which it then uses to
add query sequences into the backbone alignment. To build the eHMM,
UPP-add computes a backbone tree on the backbone alignment using the
maximum likelihood heuristic FastTree2 [19]. Then, UPP-add recursively
decomposes the backbone tree into smaller subtrees by deleting “centroid
edges” until the last decomposition results in subtrees with at most A
leaves (A = 10 in default UPP). Each subtree thus defines a subset of
the backbone sequences and hence also a sub-alignment (induced by the
backbone alignment on the subset of sequences). An HMM is created us-
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ing hmmbuild from the HMMER suite [6] for each sub-alignment, which
produces the eHMM. Each query sequence is searched against all HMMs
in the eHMM using hmmsearch, mapped to the HMM with the highest
bit-score, and then added into the sub-alignment using hmmalign. Be-
cause the sub-alignments are all compatible with the backbone alignment,
this also defines a way of adding the query sequence into the backbone
alignment. The set of all query-backbone alignments are merged using
transitivity to form the final alignment.

2.2 WITCH-add

WITCH-add (i.e., the second stage of WITCH) improves upon UPP-add
by considering more than one HMM to align each query sequence [21].
WITCH-add computes a backbone tree and creates an eHMM in the same
way as UPP-add and performs an all-against-all search between all query
sequences and all HMMs. Then, it uses the bit-score from the all-against-
all search to calculate a weight between each query-HMM pair, and k
top-weighted HMMs are used to align each query sequence (k = 10 in
default WITCH). Then, it uses Graph Clustering Merger (GCM), a merg-
ing technique from MAGUS [25], to obtain a merged alignment for each
query sequence from their corresponding query-HMM alignments. Fi-
nally, all merged query alignments are added to the backbone alignment
transitively in the same way as UPP-add. As shown in [21], WITCH-
add recovers more true homologies than UPP-add, at the cost of a minor
increase in false homologies.

2.3 MAFFT-add

MAFFT-add [11] in its default setting uses a standard progressive align-
ment procedure with two iterations to add query sequences. In each iter-
ation, it computes an (m+q)×(m+q) distance matrix on sequences from
both the backbone and queries using shared 6-mers. Then, it computes
a guide tree using the distance matrix and builds an alignment. More
specifically, for each node in the guide tree, MAFFT-add does an align-
ment computation only if a query sequence is involved at the node (i.e., at
least one child has some query sequences). Otherwise, it simply uses the
alignment from the backbone. There are other variants of MAFFT-add
that use more accurate distance calculation and can result in improved
alignment accuracy (at the cost of scalability). One of the most accurate
variants is MAFFT-linsi-add which we briefly describe below.

2.4 MAFFT-linsi-add

The procedure to add sequences using MAFFT-linsi-add has two differ-
ences to MAFFT-add. First, MAFFT-linsi-add uses localpair (local pair-
wise alignment scores) for the distance matrix calculation, which is more
accurate than shared 6-mers. Second, it only runs for one iteration of pro-
gressive alignment and uses at most 1000 iterations of iterative refinement
after the progressive alignment finishes. MAFFT-add and MAFFT-linsi-
add have runtimes that are at least quadratic in the input size, due to the
O((m+q)2) distance matrix calculation, where there are q query sequences
and m sequences in the provided backbone alignment. MAFFT-linsi-add
is even less scalable since its distance calculation is more costly. In addi-
tion, MAFFT-linsi-add does many steps of refinement that further impact
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the runtime. Hence, the designers recommend that MAFFT-linsi-add be
limited to at most a few hundred sequences [10].

3 NewMethods: SALMA-add and SALMA

We have developed a technique to enable MAFFT-linsi-add to scale to
ultra-large datasets. This new sequence-adding method is part of a two-
stage MSA method, SALMA, that we present, and is of interest in its
own right. Hence, we refer to this method as SALMA-add, and study it
in comparison to UPP-add and WITCH-add.

The core idea of SALMA-add is to break the sequence-adding prob-
lem into multiple smaller sub-problems, on which MAFFT-linsi-add can
efficiently and accurately run (i.e., divide-and-conquer). Specifically, in-
stead of trying to run MAFFT-linsi-add on the full backbone alignment,
we break the backbone alignment into smaller sub-alignments (modifying
techniques from previous divide-and-conquer MSA estimation methods,
PASTA [13] and MAGUS [25]). Then, for each query sequence, we use a
statistical test (described below) to pick the best subset for the query se-
quence, and we run MAFFT-linsi-add to add the query sequence into the
selected sub-alignment. Since the sub-alignments are all consistent with
the parent backbone alignment, this enables us to add the query sequence
into the backbone alignment.

We bound the sub-alignment sizes to at least 50 sequences and at most
u sequences (where u is set by the user) in order to improve accuracy but
also enable MAFFT-linsi-add to be run. The upper bound of u sequences
is based on the recommendation in [10], and the lower bound on the subset
size is based on observations that dense taxonomic sampling can improve
alignment accuracy (thus, sub-alignments that are too small can reduce
accuracy).

Based on the motivations above, the SALMA-add pipeline has one free
parameter, u, and is the following:

1. Compute a backbone tree and build an eHMM as done by UPP-add,
but instead of A = 10, use A = 50 as the decomposition stopping
criterion.

2. Instead of using all HMMs/sub-alignments, use sub-alignments of
sizes at most u (note that the result is that all sub-alignments have
sizes between 50 and u).

3. Assign query sequences to the selected HMMs/sub-alignments the
same way as UPP-add (i.e., best fitting HMM for each query based
on bit-scores).

4. Use MAFFT-linsi-add to add assigned query sequences to each sub-
alignment. If the number of sequences in the sub-alignment plus
the number of assigned queries exceeds 500, then evenly divide the
assigned queries into smaller subsets so that each sub-problem has
at most 500 sequences.

Note that this design achieves two properties: all sub-problems on
which we run MAFFT-linsi-add have at most 500 sequences in total (in-
cluding both the backbone sub-alignment and the query sequences) and
the query sequences are assigned to a sub-problem for which they are
likely to be closely related (based on the bit-score calculation). These
two properties together make for sub-problems that are small enough for
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MAFFT-linsi-add to run well on and closely related enough to have good
accuracy.

SALMA addresses the problem of de novo alignment of datasets with
sequence length heterogeneity. Like UPP and WITCH, SALMA has two
stages: it first selects and aligns a subset of the input sequences, thus
forming the backbone alignment, and then adds the remaining sequences
into the backbone. For the first stage, SALMA is identical to UPP and
WITCH, but for the second stage it uses SALMA-add.

4 Experimental design

4.1 Overview

Experiment 1 is used for the design phase of SALMA, where in Experi-
ment 1(a) we evaluate the scalability of MAFFT-linsi-add and in Experi-
ment 1(b) we tune the parameter u for SALMA (i.e., the upper bound for
sizes of sub-alignments); these analyses are performed on training datasets
only. Experiments 2 and 3 evaluate SALMA and SALMA-add (the step in
SALMA that adds sequences into provided backbone alignments), respec-
tively, in comparison to other methods on the testing datasets (disjoint
from the training datasets). All methods are evaluated for alignment ac-
curacy and runtime. All analyses were run on the UIUC Campus Cluster
with 16 cores and 64 GB memory except for Rec and Res datasets (the
largest two datasets we align), which we set the memory to 128 GB. The
runtime limit is set to 12 hours for Experiment 1(a), 48 hours for anal-
yses of Rec and Res, and 24 hours for the remaining experiments. See
the supplementary materials for exact commands of all methods and for
additional details.

4.2 Datasets

We use both simulated and biological datasets of nucleotide and protein
to evaluate SALMA and SALMA-add. We focus on model conditions that
exhibit sequence length heterogeneity (e.g., see Figure 1), with histograms
for all datasets provided in supplementary materials Figures S4-S8. Em-
pirical statistics for these datasets can be found in Table 1, where a higher
p-distance (i.e., normalized Hamming distance, see supplementary mate-
rials for the definition) means higher substitution rates.

The het simulated datasets. We generated three new simulated
conditions with evolutionary sequence length heterogeneity resulting from
only from insertions and deletions during their evolution down model
trees, rather than fragmentation. Each replicate has 5000 sequences and
range in evolutionary rates (and hence alignment difficulty), with model
condition 5000M2-het having the highest rate of evolution, 5000M3-het
somewhat slower, and 5000M4-het the slowest. The model for sequence
length heterogeneity assumes that insertion/deletion (“indel”) events, with
a small probability, can be promoted to long indel events modeling infre-
quent large gain or loss of genic regions during the evolutionary process
(e.g., domain-level indels). We used non-ultrametric model trees and sim-
ulated sequence evolution using INDELible [7]. The sequence length dis-
tribution for one replicate from these simulations is presented in Figure
1.
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Figure 1: Sequence length histograms of replicate 0 of 5000M2-het (left) and
Recombinase (Rec) (right).

CRW. We include five large datasets from the Comparative Riboso-
mal Website [2]: 5S.3, 5S.E, 5S.T, 16S.3, and 16S.T, with 4507, 1773,
4751, 5323, and 6350 sequences, respectively. These datasets have been
used in previous studies [3, 17, 22], exhibit sequence length heterogene-
ity, and have reference alignments based on secondary structures. We use
the cleaned versions from [22], for which any ambiguity codes or entirely
gapped columns are removed. We refer to these five datasets as CRW.

Homfam. We include the ten largest Homfam protein datasets [1, 24],
which range from 14,950 to 93,681 sequences. Each of these datasets has
a reference alignment on only a few sequences, and thus the alignment
accuracy is only evaluated on a subset of sequences for each dataset.

10AA. We include the “10AA” datasets that were used in prior stud-
ies to evaluate alignment methods [13, 17, 3]. These 10AA datasets are
curated protein alignments based on structure that range from 320 to 807
sequences.

Serine Recombinases (Rec and Res). We use datasets for two
domains from serine recombinase. Protein sequences were taken from
350,378 GenBank bacterial and archaeal genome assemblies (supplemen-
tary materials) using Prodigal [8]. Serine recombinases were identified
using the Pfam HMMs [15] Resolvase (Res), for the catalytic domain, and
Recombinase (Rec), for the integrase-specific domain, using hmmsearch
from the HMMER package with the “trusted cutoffs” supplied by Pfam.
Standards phiC31 and Bxb1 were added. From the 199,090 unique protein
sequences, the Rec and Res domains were separately extracted, using the
boundaries determined by the HMM hits. As with the Homfam datasets,
each of Rec and Res has a reference alignment on only a few of the se-
quences (i.e., the seed alignment from Pfam), and so alignment accuracy
is evaluated only on these specific sequences.

Training vs. testing data The het simulation has three model con-
ditions; one was used in Experiment 1 as training data, and the other two
were used in Experiments 2 and 3. All other datasets were used only for
testing (i.e., in Experiments 2 and 3).
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4.3 Other MSA methods in the study

We compare SALMA to Clustal-Omega [23], FAMSA [4], MAFFT [12],
MAFFT-sparsecore [12], MAGUS [25], MUSCLE [5], PASTA [13], UPP
(using a MAGUS backbone) [22], and WITCH [21]. We compare SALMA-
add, the sequence-adding stage of SALMA, to the following sequence-
adding methods: MAFFT-add (run in default mode), UPP-add, and
WITCH-add. We omit MAFFT-linsi-add due to its scalability issues,
as we establish in Experiment 1. MAFFT-sparsecore does not enable the
user to provide the backbone alignment, and so is not included.

4.4 Backbone alignment and query sequences

We follow the UPP procedure to split each sequence dataset into a back-
bone set and a query set. For each dataset, the backbone set draws a sub-
set of sequences from all full-length sequences (i.e., lengths 25% around
the median length), while the query set contains all remaining sequences.
Based on results from UPP2 [18], a large backbone set usually leads to
better alignment accuracy on the final alignment of all sequences com-
pared to using fewer full-length sequences in the backbone at the cost of
runtime. Hence, we adopt the same backbone selection strategy by using
all available full-length sequences.

We compute an alignment on the backbone set using MAGUS [25],
because it provides improved accuracy compared to PASTA, the prior
technique used in UPP [22]. However, if desired, the backbone alignment
can be performed by any other preferred alignment method.

4.5 Evaluation metrics

We evaluate alignment methods with respect to wall-clock running time
and alignment error. For alignment error, we compare estimated and
reference alignments, reporting SPFN, SPFP, and the average of these
two, defined as follows. Homologies are pairs of letters (nucleotides or
amino acids), one from each of two sequences, that appear in the same
column within the true or estimated alignment. The sum-of-pairs false-
negative (SPFN) rate is the fraction of pairs of homologies in the reference
alignment but missing in the estimated alignment. The sum-of-pairs false-
positive (SPFP) rate is the fraction of pairs of homologies that are in
the estimated alignment but missing in the reference alignment. These
error rates are calculated using FastSP [14]. To evaluate alignment error
for sequence-adding methods, we provide the same backbone alignment
to each method and then evaluate the alignments induced on the added
query sequences.

5 Results

5.1 Experiment 1: Designing SALMA

Experiment 1 involves two sub-experiments: 1(a) is for evaluating different
ways of running MAFFT–add (either with –linsi or in default mode) for
accuracy and scalability, and 1(b) is for designing the divide-and-conquer
strategy in SALMA.
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5.1.1 Experiment 1(a) - scalability of MAFFT-linsi-add

In this experiment, we explore what sizes of datasets MAFFT-linsi-add
can align without crashing or encountering memory issues. We use our
training dataset 5000M2-het as the benchmark and either MAFFT-add
or MAFFT-linsi-add to add 100, 200, 1000, or 2000 query sequences to
the backbone.

Figure S1 (supplementary materials) shows the results for runtime and
alignment error comparing MAFFT-add in default mode (which does not
use MAFFT-linsi-add except on small datasets) and MAFFT-linsi-add,
when adding sequences into large backbone alignments. MAFFT-linsi-
add encountered out-of-memory issues on several replicates, and in some
cases did not complete within 12 hours. However, when MAFFT-linsi-
add was able to run, it was more accurate (sometimes substantially more
accurate) than MAFFT-add run in default mode, but used more time.
These results show the advantage in using MAFFT-linsi-add, but also its
limitations to small datasets.

5.1.2 Experiment 1(b): Tuning parameter u

The parameter u specifies the lower bound on the size of sub-alignments
we use for MAFFT-linsi-add in SALMA. We explore the impact of this
parameter by varying u between 100, 200, and 400, using the training
dataset 5000M2-het. We consider two ways of defining the backbone se-
quences: all full-length sequences (i.e., the UPP2 strategy) and at most
1000 full-length sequences (i.e., the UPP strategy). Both strategies add
the remaining sequences to the same backbone alignment using SALMA-
add.

Results for SALMA with different settings of u on all sequences of
5000M2-het (10 replicates) are presented in the supplementary materials
(Figure S2). For a fixed backbone size, the differences between SALMA
variants are negligible for both SPFN and SPFP. Using all full-length
sequences for the backbone has a lower SPFP than using just 1000 full-
length sequences, while both have similar SPFN. Overall, the “all” back-
bone strategy has a lower alignment error than the “1000” backbone for
all SALMA variants. For runtime, using “1000” backbone is slightly faster
than “all” backbone, while SALMA with smaller u (i.e., u = 100) is faster.

Based on the training results, we choose u = 100 and use the “all”
backbone selection strategy for SALMA in the following experiments, be-
cause this variant gives the best alignment accuracy while having a rela-
tively lower running time than other variants.

5.2 Experiment 2: Evaluating SALMA

We compare SALMA to leading MSA methods that can run on large
datasets. Comparisons to MAFFT-sparsecore [12], FAMSA [4], MAGUS
[25], and WITCH [21] are provided here, but comparisons to the remaining
methods (i.e., Clustal-Omega [23], MUSCLE [5], PASTA [13], MAFFT
[12], and MAGUS+UPP (i.e., UPP with MAGUS backbone) [22]) are
summarized here and provided in the supplementary materials, Tables S3
and S4.

Because of the large size for the Rec and Res datasets, we modify the
setting for A (which specifies the stopping rule for the decomposition)
within SALMA and WITCH: we use A = 50 instead of the default A =
10. For the Res dataset, which is the larger of the two datasets, we use
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MAGUS in recursive mode to compute an alignment on the full dataset.
When used within two-stage methods (e.g., SALMA and WITCH), we
also use MAGUS in recursive mode for the backbone alignment, because
it otherwise encountered out-of-memory issues when given 128 GB.

We present all benchmark results in Table 2. We take SPFN and
SPFP of each method over all replicates within a collection of datasets
(e.g., CRW or Homfam), and calculate their averages. We boldface the
best methods for each benchmark and break ties with a margin of 0.01
(e.g., a SPFN of 0.110 and 0.119 are both considered the best).

The first two columns of Table 2 show alignment results on two sets
of nucleotide benchmarks, het and CRW. het contains both 5000M3-het
and 5000M4-het (10 replicates each). MAGUS, WITCH, and SALMA are
the best methods for both SPFN and SPFP. FAMSA is also accurate but
not as accurate as the three methods mentioned earlier, while MAFFT-
sparsecore has both high SPFN and SPFP. For the five datasets from
CRW, SALMA ties with MAGUS to be the most accurate method for
both SPFN and SPFP, while WITCH has a similar SPFP but slightly
higher SPFN. MAFFT-sparsecore is slightly worse than the best methods
for both SPFN and SPFP, while FAMSA is the least accurate.

The last four columns of Table 2 show alignment results on a collec-
tion of protein benchmarks: 10AA (10 datasets), Homfam (the 10 largest
Homfam datasets), Rec, and Res. For 10AA, all methods except FAMSA
have similarly low SPFN. SPFP shows a larger gap between methods.
MAGUS has the lowest SPFP, and SALMA and WITCH are the second
best. FAMSA has noticeably higher SPFP than the remaining methods.
For Homfam, FAMSA is the best method in terms of SPFN. MAGUS
comes as the second best and is followed by MAFFT-sparsecore. Both
SALMA and WITCH have high SPFN, with SALMA being slightly bet-
ter. On the other hand, SALMA, WITCH, and MAGUS are the best in
SPFP, and FAMSA has a much higher SPFP than the remaining meth-
ods. For Rec and Res datasets, MAFFT-sparsecore failed to finish on Res
due to out-of-memory issues (128 GB limit), and WITCH failed to finish
on Res due to time limit (48 hours). SALMA is the best method in terms
of SPFN and SPFP for both datasets. MAGUS and WITCH also are the
best for Rec, and MAGUS comes as the second for the Res dataset.

FAMSA is the fastest method and is so by a large margin against
the remaining methods. SALMA is among the slowest methods for most
datasets, except the smallest ones (i.e., CRW and 10AA). However, SALMA
can scale to the largest dataset (Res) without running out of memory. In
contrast, WITCH and MAFFT-sparsecore both fail to complete on the
Res dataset due to memory issues.

Results for the other methods we evaluated (i.e., Clustal-Omega, MUS-
CLE, default MAFFT, PASTA, and UPP using a MAGUS backbone) are
presented in Tables S3 and S4 (supplementary materials) and summarized
here. MUSCLE failed to run on large datasets (e.g., two largest Homfam
datasets and both Rec and Res). PASTA is the most accurate on het in
terms of both SPFN and SPFP, but is otherwise strictly less accurate and
slower than MAGUS. UPP using a MAGUS backbone has similar accu-
racy compared to WITCH. Thus, of the full set of methods we considered,
none of these other methods needs further consideration.
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5.3 Experiment 3: Evaluating SALMA-add

In this experiment, we use the same benchmarks from Experiment 2 and
directly compare the alignment accuracy for adding sequences to exist-
ing backbone alignments using UPP-add, WITCH-add, SALMA-add, and
MAFFT-add. Four of the Homfam datasets and Res have fewer than two
query sequences with reference alignments and thus are omitted.

Figure 2 shows the SPFN and runtime in hours of methods for adding
sequences using the same datasets from Experiment 2, where backbones
have all full-length sequences and are aligned with MAGUS. In terms
of SPFN, SALMA-add is the most accurate sequence-adding method ex-
cept on Homfam, on which MAFFT-add has the lowest SPFN. For all
benchmarks, WITCH-add is consistently more accurate than UPP-add
for SPFN, MAFFT-add also has comparable SPFN to WITCH-add and
UPP-add, but it has noticeably higher SPFN on the het benchmark.

In terms of SPFP (see Supplementary Figure S3), SALMA-add is also
usually the best except on 10AA, on which UPP-add has the lowest SPFP.
MAFFT-add often has the highest SPFP.

For runtime, MAFFT-add is the fastest sequence-adding method. SALMA-
add is usually faster than both UPP-add and WITCH-add except for
10AA. All methods are fast on 10AA (finished within 3 minutes), and
SALMA-add is slightly slower than UPP-add and WITCH-add. WITCH-
add is the slowest sequence-adding method among the four, particularly
on large datasets such as Homfam and Rec.

Figure 2: Experiment 3: SPFN (top 5 panels) and runtime in hours (bottom 5
panels) of four methods for adding sequences to existing backbone alignments.
Backbone alignments are the same for all methods and are constructed by align-
ing all full-length sequences with MAGUS, and SPFN is evaluated on the added
sequences only. SPFP can be found in the supplementary materials (Figure S3).
From left to right: het consists of 5000M3-het and 5000M4-het, each with 10
replicates, CRW consists of five selected CRW datasets, 10AA consists of 10
biological protein datasets, Homfam consists of 6 out of the largest 10 Hom-
fam datasets (four of them have fewer than two query sequences with reference
alignments and are omitted), and the last one is Rec. Res is not shown because
it has fewer than two query sequences with reference alignment.
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6 Discussion

Our study showed that SALMA provides accuracy advantages over other
methods on a wide range of nucleotide and protein benchmarks. Further-
more, SALMA-add, the step in SALMA that performs sequence addition,
provides superior accuracy for adding sequences into existing backbone
alignments compared to UPP-add and WITCH-add, and is able to scale
to much larger datasets than MAFFT-linsi-add.

It is easy to see why SALMA can scale to large datasets, as its design
ensures that no problem is ever too big for MAFFT-linsi-add to complete.
SALMA’s accuracy depends on the two-stage approach. Since SALMA
differs from UPP and WITCH only in the second stage, understanding
why SALMA is more accurate than UPP and WITCH amounts to under-
standing why SALMA-add is more accurate than UPP-add and WITCH-
add. Both UPP-add and WITCH-add use eHMMs to infer homologies,
while SALMA-add relies on MAFFT-linsi-add (albeit in a divide-and-
conquer framework). This clearly indicates that MAFFT-linsi-add pro-
vides some advantage over sequence-adding techniques that use eHMMs.

It is also worth noting that where SALMA really excels is in its high
recall (i.e., its ability to detect homologies). When compared to other
sequence-adding methods, SALMA has the lowest SPFN (highest recall)
on all benchmarks in this study, except for the Homfam benchmark, and
most of the time the improvement on other methods is substantial. We
also note that SALMA has generally low SPFP scores, although UPP-add
and WITCH-add sometimes are better.

7 Conclusions

This study presented SALMA, a new multiple sequence alignment method
specifically designed to align datasets with sequence length heterogene-
ity. The innovative part of SALMA is its second stage, SALMA-add,
which adds query sequences into a backbone alignment computed in the
first stage. SALMA-add uses a divide-and-conquer approach to enable
MAFFT-linsi-add to scale to large datasets with very high accuracy. Both
SALMA and SALMA-add provide accuracy advantages over other meth-
ods when aligning datasets with sequence length heterogeneity, as our
study shows, and can scale to very large datasets.

This study suggests the potential for even further improvements in
methods for aligning datasets that exhibit substantial sequence length het-
erogeneity, which is a problem that is of increasing importance in modern
sequence dataset generation and analysis.
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Dataset # Seqs
p-dist.

% gaps
Seq

length
Align
lengthAvg. Max

het datasets (NT)
- 5000M2-het(10)∗ 5000 0.686 0.789 97.9 1025 48,887
- 5000M3-het(10) 5000 0.664 0.764 96.0 1001 25,262
- 5000M4-het(10) 5000 0.528 0.671 96.0 1001 24,415
CRW datasets (NT)
- 5S.3 5507 0.418 1.000 74.5 106 414
- 5S.E 2774 0.305 1.000 87.8 96 793
- 5S.T 5751 0.425 1.000 75.6 106 436
- 16S.3 6323 0.315 0.833 82.1 1557 8716
- 16S.T 7350 0.345 0.901 87.4 1492 11,856
10AA datasets (AA)
- 1GADBL 100 561 0.457 0.715 33.7 325 490
- RV100 BBA0039 807 0.416 1.000 85.3 395 2696
- RV100 BBA0067 410 0.783 0.922 57.5 464 1092
- RV100 BBA0081 353 0.863 1.000 65.2 586 1682
- RV100 BBA0101 509 0.784 1.000 87.9 492 4081
- RV100 BBA0117 460 0.754 1.000 48.4 57 110
- RV100 BBA0134 717 0.729 1.000 85.2 470 3184
- RV100 BBA0154 303 0.660 0.850 59.3 518 1275
- RV100 BBA0190 397 0.688 1.000 64.6 886 2504
- coli epi 100 320 0.583 0.871 10.7 133 149
Homfam datasets (AA)
- PDZ 14,950 0.689 0.835 15.5 81 110
- blmb 17,200 0.792 0.895 29.7 192 344
- p450 21,013 0.792 0.870 20.3 332 512
- adh 21,331 0.361 0.473 0.4 124 375
- aat 25,100 0.708 0.869 15.2 338 476
- rrm 27,610 0.770 0.907 44.8 67 157
- Acetyltransf 46,285 0.746 0.871 29.5 83 229
- sdr 50,157 0.765 0.893 28.1 163 361
- zf-CCHH 88,345 0.645 0.852 25.5 23 39
- rvp 93,681 0.634 0.764 19.4 94 132
Rec and Res datasets (AA)
- Rec 96,773 0.807 0.926 48.9 101 205
- Res 186,802 0.735 0.908 31.2 133 208

Table 1: Empirical statistics of nucleotide (NT) and protein (AA) datasets.
Datasets marked with (∗) denote training datasets. The number of replicates (if
more than one) is specified with a parenthesis after the dataset name. p-dist.:
p-distance (i.e., normalized Hamming distance).
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method
het
NT

CRW
NT

10AA
AA

Homfam
AA

Rec
AA

Res
AA

average SPFN
MAFFT-sparsecore 0.488 0.112 0.230 0.281 0.267 X
FAMSA 0.133 0.212 0.262 0.220 0.253 0.185
MAGUS 0.038 0.087 0.236 0.253 0.171 ∗0.182
SALMA(all) 0.041 0.090 0.232 0.291 0.168 ∗∗0.175
WITCH(all) 0.042 0.102 0.234 0.312 0.170 X

average SPFP
MAFFT-sparsecore 0.424 0.138 0.220 0.195 0.160 X
FAMSA 0.138 0.235 0.281 0.227 0.236 0.182
MAGUS 0.019 0.109 0.169 0.107 0.110 ∗0.157
SALMA(all) 0.022 0.115 0.188 0.116 0.110 ∗∗0.146
WITCH(all) 0.021 0.113 0.183 0.116 0.112 X

average runtime (hours)
MAFFT-sparsecore 0.491 0.459 0.237 0.359 2.113 X
FAMSA 0.009 0.007 0.001 0.011 0.031 0.138
MAGUS 0.546 1.248 0.185 1.476 8.841 ∗3.325
SALMA(all) 1.189 0.753 0.141 2.066 9.840 ∗∗19.675
WITCH(all) 1.322 1.118 0.141 4.301 21.429 X

Table 2: Experiment 2: Alignment error and runtime (in hours) over several
nucleotide (NT) and protein (AA) benchmarks for different alignment methods.
The notation “(all)” for SALMA and WITCH denotes that they use all full-
length sequences to construct the backbone alignment and add the remaining
sequences. We boldface the methods that are tied for best (i.e., within 0.01
of the best) for each benchmark. A cross mark (“X”) means that the method
either encountered out-of-memory issues during the run or did not finish within
the time limit. ∗MAGUS was run in recursive mode on the Res dataset. ∗∗The
MAGUS backbone alignment was run in recursive mode on Res.
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