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Abstract
Multiple sequence alignment (MSA) inference is a central task in molecular evolution and comparative genomics, and the 
reliability of downstream analyses, including phylogenetic inference, depends critically on alignment quality. Despite this 
importance, most widely used MSA methods optimize the sum-of-pairs (SoP) score, and relatively little attention has been 
paid to whether this objective function accurately reflects alignment accuracy. Here, we evaluate the performance of the 
SoP score using simulated and empirical benchmark alignments. For each dataset, we compare alternative MSAs derived 
from the same unaligned sequences and quantify the relationship between their SoP scores and their distances from a 
reference alignment. We show that the alignment with the optimal SoP score often does not correspond to the most 
accurate alignment. To address this limitation, we develop deep learning–based scoring functions that integrate a collection 
of MSA features. We first introduce Model 1, a regression model that predicts the distance of a given MSA from the reference 
alignment. Across simulated and empirical datasets, this learned score correlates more strongly with true alignment 
accuracy than the SoP score. However, Model 1 is less effective at identifying the best alignment among alternatives. We 
therefore develop Model 2, which takes as input a set of alternative MSAs generated from the same sequences and predicts 
their relative ranking. Model 2 more accurately identifies the top-ranking MSA than the SoP score, Model 1, and several 
widely used alignment programs. Using simulations, we show that selecting MSAs based on our approach leads to more 
accurate phylogenetic reconstructions. 
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Introduction
Sequence alignment involves inferring sequence homology at 
the residue level, meaning that when two residues are aligned, 
they hypothetically evolved from a common ancestral residue. 
Reliable alignment is therefore essential for accurately modeling 
evolutionary processes, such as substitutions and indels 
(Redelings et al. 2024). As a result, sequence alignments are im
perative to a wide range of bioinformatics and evolutionary gen
omics analyses, including phylogenetic inference, molecular 
dating, ancestral sequence reconstruction, detection of selective 
forces, and identification of remote homology (Kemena and 
Notredame 2009; Thompson et al. 2011). They also play a key 
role in structural biology—for example, in AI-based protein struc
ture prediction tools, such as AlphaFold (Jumper et al. 2021). 
Beyond individual proteins or genes, sequence alignments are 
also used to align entire genomes and investigate large-scale 

evolutionary events, such as lateral gene transfer (Roettger 
et al. 2009). Additionally, they play a crucial role in studying 
the genetic basis of various diseases, including coronavirus dis
ease (COVID-19) (Pekar et al. 2022), speech and language disor
ders (Enard et al. 2002), and cancer (Tollis et al. 2017; Gassner 
et al. 2018).

For aligning pairs of sequences (pairwise alignment), dynamic 
programming algorithms are commonly used to efficiently ex
plore the space of all possible alignments and identify those 
that maximize a predefined alignment score (Needleman and 
Wunsch 1970; Sankoff 1972). A widely adopted scoring scheme 
is the affine gap penalty model, which assigns distinct costs for 
substitutions, gap openings, and gap extensions (Gotoh 1982). 
For protein sequences, substitution scores are typically drawn 
from empirical matrices, such as PAM and BLOSUM (reviewed 
in Trivedi and Nagarajaram 2020). Classic dynamic programming 
algorithms are relatively efficient, requiring computational effort 
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proportional to the product of the lengths of the two sequences 
being aligned. However, with the rapid growth of sequence data
bases and the increasing demand for fast and reliable alignment 
of query sequences against these datasets, substantial effort has 
gone into developing high-speed heuristic algorithms for pair
wise alignment, such as BLAST (Altschul et al. 1990), MMseqs2 
(Mirdita et al. 2019), and DIAMOND (Buchfink et al. 2015). 
Additionally, statistical alignment algorithms that incorporate 
explicit models of sequence evolution have been developed 
(Thorne et al. 1991; Hein et al. 2000). These methods generally of
fer higher accuracy compared to traditional dynamic program
ming but are computationally intensive, often several orders of 
magnitude slower, and are thus rarely used.

The generalization of pairwise alignment algorithms to mul
tiple sequence alignment (MSA) necessitated updating the scor
ing function to accommodate multiple sequences. The most 
widely used scoring function for MSAs is the “sum-of-pairs” 
(SoP) score (Carrillo and Lipman 1988), which is simply the 
sum of the induced pairwise alignment scores over all pairs of se
quences. Specifically, consider an MSA with N sequences, and let 
Sij be the score of the induced pairwise alignment between se
quences i and j. Then SoP =

􏽐N−1
i=1

􏽐N
j=i+1 Sij .

The dynamic programming algorithm for pairwise alignment 
can be extended to MSAs, optimizing the SoP score. However, 
its computational time increases exponentially with the number 
of sequences (Wang and Jiang 1994). These extensive computa
tional demands have led to a large number of heuristic algo
rithms that implement various optimization strategies. Most 
common aligners, such as Clustal Omega (Sievers and Higgins 
2021), MAFFT (Katoh and Standley 2013), and PRANK 
(Löytynoja 2021), include a progressive alignment component, 
in which the MSA is iteratively built by uniting sequences accord
ing to a guide tree (Feng and Doolittle 1987). The guide tree is re
constructed without relying on the MSA, eg by computing 
pairwise distances for each pair of sequences and applying 
distance-based tree reconstruction methods, such as the neigh
bor joining (Saitou and Nei 1987). Additional heuristic strategies 
applied to the problem of optimizing the SoP score include itera
tive refinement (Hirosawa et al. 1995), divide-and-conquer 
(Zaharias et al. 2023), simulated annealing (Kim et al. 1994), 
and genetic algorithms (Gondro and Kinghorn 2007).

While many studies have focused on optimizing the SoP score, 
relatively few have sought to replace it with more predictive al
ternatives. The SoP score considers only pairwise relationships 
between sequences, ignoring higher-order features that quantify 
the conservation of entire columns. The column score, which is 
the percentage of columns without any substitutions, is one 
such feature. The information-theoretical entropy of a column, 
defined as 

􏽐
pilog2( pi), in which pi is the frequency of amino 

acid i in that column, captures more nuanced conservation pat
terns at each column. The sum of the column-entropy scores 
(ESs) over all alignment columns, denoted the ES, provides a glo
bal conservation across the entire MSA (Shenkin et al. 1991). 
Similarly, Hertz and Stormo (1999) proposed maximizing the in
formation content of an MSA, defined as the extent to which ob
served residue frequencies in each column deviate from those 
expected under a background distribution, such as the overall 
character frequencies in the MSA. Likewise, norMD quantifies col
umn conservation as an alternative MSA objective function 
(Thompson et al. 2001). Building on this concept, Nguyen and 

Pan (2011) introduced a novel column-scoring method that dem
onstrated improved performance over previous approaches.

An alternative set of scores aimed to integrate biological 
understanding, including structural and functional characteris
tics of the sequences being aligned, eg accounting for contact 
residues within the 3D structure (Kemena et al. 2011) or propor
tion of amino acids located in transmembrane regions and func
tional annotations of the aligned proteins (Ortuño et al. 2015). 
Orobitg et al. (2013) developed an objective function that com
bines several previously suggested scores, eg SoP scores with dif
ferent gap penalties and the Triplet score used by the T-Coffee 
aligner (Notredame et al. 2000) that measures the consistency 
between the MSA and a reference library of pairwise alignments. 
Finally, the ClustalW algorithm (Thompson et al. 1994) modifies 
the SoP score to better reflect biological context by reducing 
the gap penalties in regions enriched with hydrophilic amino 
acids, which are often located on protein surfaces, where indels 
are more frequent.

A critical challenge in developing novel MSA scoring functions 
lies in the methodology used to evaluate and compare compet
ing functions. Effective benchmarking requires two key compo
nents: (i) a set of reference MSAs and (ii) a metric that 
quantifies the level of disagreement between a predicted MSA 
and the reference alignment. However, establishing reliable 
benchmarks for assessing the performance of alignment meth
ods is inherently difficult (Warnow 2021), and these challenges 
similarly affect the evaluation of MSA scoring functions. Two 
main strategies are used for generating benchmark MSAs: 
(i) simulation-based datasets and (ii) empirical datasets derived 
from structural alignments. Each approach has its own strengths 
and limitations. Simulation-based benchmarking offers several 
advantages. Simulated MSAs can be produced in large quan
tities, the reference alignment is known, and a diverse range of 
evolutionary scenarios can be modeled (Iantorno et al. 2014). 
To ensure biological realism, simulations are typically parame
terized using empirical data—for example, sequences are 
evolved along phylogenetic trees inferred from real datasets, 
with branch lengths, rate variation across sites, and indel proc
esses modeled to reflect observed biological patterns. 
However, a significant limitation of simulation-based bench
marks is their reliance on simplified evolutionary models that 
may not accurately capture important aspects of molecular evo
lution. For instance, most simulations assume site independence 
given a phylogenetic tree, whereas in reality, protein structure 
and function often impose dependencies among sites.

The second benchmarking strategy involves the use of empir
ical protein alignments informed by structural data. While these 
datasets aim to reflect biologically meaningful alignments, they 
are still the result of inference and may not represent the true 
evolutionary history. Indeed, studies have shown that different 
structural alignment algorithms can yield inconsistent results 
(Hasegawa and Holm 2009; Sierk et al. 2010). Edgar (2010) noted 
that “questionable alignments are found in all benchmarks, es
pecially in BAliBASE,” one of the most widely used reference da
tabases (Thompson et al. 2005). Furthermore, structural 
similarity can arise through convergent evolution, leading to 
alignments of structurally similar—but not homologous— 
regions, which undermines the evolutionary validity of the 
benchmark (Iantorno et al. 2014). Structural benchmarks are 
also limited in scope: They primarily include proteins with 
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well-defined, conserved structural regions, excluding unstruc
tured protein regions and noncoding DNA alignments. In addition, 
these datasets lack scalability, particularly for applications such 
as machine learning (ML), which require large and diverse train
ing sets. Given the distinct advantages and limitations of both 
simulation-based and structure-based benchmarking strategies, 
it is advisable to evaluate alignment algorithms, including scor
ing functions, using both approaches.

A key component of benchmarking MSA methods is a metric 
that quantifies the disagreement between a predicted alignment 
and a reference alignment. The most commonly used metrics are 
the Total Column Similarity (TCS) score and the Residue-Pairs 
Similarity (RPS) score (Thompson et al. 1999). The TCS score 
measures the proportion of correctly recovered columns from 
the reference alignment, while the RPS score quantifies the pro
portion of correctly aligned residue pairs between the predicted 
and reference alignments (Thompson et al. 2005). Notably, nei
ther the TCS nor RPS score is a true distance metric, as both 
fail to satisfy key mathematical properties of distance functions, 
such as symmetry and the triangle inequality. Consequently, sev
eral alternative metrics that more rigorously quantify similarity 
or dissimilarity between MSAs have been proposed (Blackburne 
and Whelan 2012).

ML has increasingly become a transformative tool in phyloge
netics, enhancing both tree reconstruction and sequence align
ment processes (Mo et al. 2024), as well as searching for 
computing branch support values (Ecker et al. 2024; Wiegert 
et al. 2024). For example, Leuchtenberger et al. (2020) employed 
neural networks to identify MSAs composed of four sequences 
that evolved under conditions of long-branch attraction or long- 
branch repulsion. Haag et al. (2022) used ML to quantify the “dif
ficulty” of an MSA, ie to estimate how challenging it would be for 
a heuristic tree search to recover top-scoring tree topologies. 
BetaAlign, a deep learning–based method, utilizes transformer 
models and leverages natural language processing techniques 
to perform multiple sequence alignments (Dotan et al. 2024). 
However, this approach is currently limited in the number of se
quences it can process effectively.

We introduce deep learning–based approaches for improved 
scoring of MSAs and for ranking alternative alignments. Our ap
proach involves generating diverse alternative MSAs using stand
ard alignment tools, followed by evaluation and scoring with 
trained deep learning models. We developed two types of mod
els. Model 1 provides an accuracy score for a single input MSA. 
Although it outperforms the SoP score, it does not perform 
well in identifying the top-ranking MSA from a set of alternatives. 
We therefore developed Model 2, which takes as input a set of al
ternative MSAs and predicts their relative ranking. We show that 
Model 2 consistently identifies MSAs that are significantly more 
accurate than those selected by the SoP metrics, Model 1, as 
well as MSAs produced by widely used tools, such as MAFFT 
and PRANK. These findings are validated on both empirical 
and simulated datasets.

Materials and methods
We first describe our methodology for protein sequences; modi
fications for DNA sequences are presented later. To compute the 
SoP score, one must specify the substitution matrix and the 

affine gap penalty. In this paper, the default SoP score is calcu
lated using the BLOSUM62 substitution matrix, with a gap open
ing penalty of −10 and a gap extension penalty of −0.5. These 
parameters were selected because they are the default settings 
in the EMBOSS Needle program, a widely popular pairwise align
ment tool that employs affine gap costs (Rice et al. 2000). We use 
the fast algorithm suggested by Ranwez (2016) to compute this 
score efficiently. Of note, additional SoP scores with an addition
al substitution matrix and with different gap costs are computed 
as features (see description of the features used below).

We use the dseq measure to quantify dissimilarity between a 
pair of MSAs, because it is a proper mathematical distance metric 
(Blackburne and Whelan 2012). Let A denote an alignment of n 
sequences, and let Si

j represent the j’th character of the un
aligned sequence Si. Then, for a given sequence Si and alignment 
position j, we identify the alignment column in which Si

j appears 
and define Hseq(A)i

j as the collection of all other characters (plus 
gaps if present) that occupy the same column. Thus, Hseq(A)i

j con
tains exactly n − 1 elements and represents the set of characters 
(including gaps) that are homologous to Si

j according to align
ment A. Formally:

Hseq(A)i
j = { χk

j | k = 1, 2, . . . , i − 1, i + 1, . . . n }, 

where

Xk
j = Sk

m if residue Sk
m is aligned with Si

j

Gk if sequence Sk contains a gap in that column

􏼚

To illustrate, consider a toy alignment A of length two, with the 
following three sequences: MC, MY, and M−. For this example, 
Hseq(A)1

1 = {S2
1, S3

1}, which represents the homology set of the first 
residue of the first sequence. Similarly, Hseq(A)1

2 = {S2
2, G3}. The 

contribution of the j’th position in sequence Si to the total dis
tance between MSAs A and B, denoted dseq(A, B)i

j, is defined as 
the dissimilarity between the set of characters aligned to Si

j in 

the two alignments: dseq(A, B)i
j = |Hseq(A)i

j ΔHseq(B)i
j|

|Hseq(A)i
j |+|Hseq(B)i

j|
, where Δ is the 

symmetric difference of two sets, ie the set of elements in either 
of two sets, but not in their intersection. The overall distance be
tween the two alignments is computed as the average of these 
local dissimilarities across all characters: 
dseq(A, B) = 1

c

􏽐

i

􏽐

j
dseq(A, B)i

j, where c is the total number of 

characters across all sequences, ie the sum of all sequence 
lengths: c =

􏽐
i |S

i|.
We aimed to simulate MSAs that resemble empirical MSAs in 

terms of topology, branch lengths, model parameters (including 
indel and substitution rates), and alignment length. To this end, 
we first inferred these attributes from empirical data and used 
them to generate simulated MSAs. Empirical MSAs and their cor
responding trees were extracted from OrthoMaM v.12, a data
base of orthologous mammalian protein-coding genes (Ranwez 
et al. 2007; Allio et al. 2024). We first selected 340 datasets whose 
corresponding phylogenetic trees exhibited the greatest total 
branch lengths. This criterion has been chosen because we ex
pect that aligning highly variable sequences is more challenging. 
Subsequently, for each MSA, we randomly sampled a subset of 
either 40, 50, 60, 70, or 80 taxa (∼70 MSAs for each number of 
taxa). Each MSA is associated with the tree, and in each case, 
we pruned the tree to the corresponding taxa using the ETE3 
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package in Python (Huerta-Cepas et al. 2016). The tree branch 
lengths for OrthoMaM datasets were based on coding DNA align
ments. Because we analyzed protein MSAs, we re-optimized the 
branch lengths of all the phylogenetic trees using IQ-TREE with 
-s, -te, and -m LG + G8 parameters. The associated shape param
eter of the gamma distribution (alpha) was extracted from the 
IQ-TREE log. We then inferred the indel parameters using 
SpartaABC v.0.6.0 (Ashkenazy et al. 2017). The program was exe
cuted with the following command: sparta –i <path> -t AA -n 
100000 -nc 300 -a mafft -s 12345, and the LG+G8{alpha} model 
as indicated in the model.bestModel file.

We then simulated 340 MSAs (hereafter “reference MSAs”) and 
their corresponding unaligned sequence sets using INDELible 
v.1.03 (Fletcher and Yang 2009). For each dataset, INDELible 
was parameterized using the substitution and indel parameters, 
root sequence length, and tree topology with its associated 
branch lengths as inferred from the corresponding OrthoMaM da
taset, thereby ensuring that simulations reflected empirically es
timated evolutionary scenarios. These simulated data were 
subsequently used as reference datasets, which we denote Dsim.

We also benchmarked our algorithm against a set of empirical 
MSAs obtained from BAliBASE version 4 (Thompson et al. 2005). 
The benchmark included reference sets RV10, RV11, RV12, RV20, 
RV30, and RV50. These reference sets represent a wide variety of 
alignment challenges: Reference set RV10 includes large, com
plex protein families and is specifically designed to address the 
challenges of the MSA construction algorithms while working 
with less frequent patterns; reference sets RV11 and RV12 con
tain divergent sequences with less than 20% and 40% identity, 
respectively; reference set RV20 includes families aligned with 
a highly divergent “orphan” sequence; reference set RV30 con
tains subgroups with less than 25% residue identity between 
groups; and reference set RV50 includes families where one or 
more sequences contain long inserted segments relative to the 
others. Hence, a total of 294 empirical MSAs were extracted 
from this dataset, which we denote Demp.

To train and evaluate the deep learning models, a large and di
verse labeled dataset is required. Therefore, we generated 1,600 
alternative alignments for each of the original reference MSAs de
rived from either the simulated or empirical datasets. The deep 
learning algorithms will learn to score the accuracy of a given 
MSA (Model 1) or to rank the accuracy of a set of alternative align
ments (Model 2). An MSA accuracy is defined as its distance from 
the corresponding reference alignment (see below). Each refer
ence MSA with its associated inferred alternative MSAs is called 
hereafter an MSA-batch. The final dataset comprised a total of 
1600 × 340 = 544000 and 1600 × 294 = 470400 alternative MSAs 
for the simulated and the empirical datasets, respectively.

The following steps were performed for each reference MSA to 
generate 1,600 alternative MSAs by realigning their sequences: (i) 
800 alternative alignments were generated using GUIDANCE 
(Sela et al. 2015) v.3.1 with default parameters: 400 using 
MAFFT and 400 using PRANK as the baseline alignment pro
grams. GUIDANCE produces alternative alignments by introdu
cing uncertainty in the guide trees and in the process of indel 
formation. (ii) An additional 400 alternative MSAs were generated 
by Muscle5 (Edgar 2022) version 5.2.linux64, which perturbs the 
guide tree and the hidden Markov model used for MSA construc
tion and creates a so-called diversified ensemble of the align
ments. Muscle5 alternative alignments were produced using 

the -diversified -replicates 400 -threads 8 parameters in the com
mand line. (iii) Another 400 alternative MSAs were extracted from 
the Markov chain Monte Carlo iterations of each BAli-Phy (Gupta 
et al. 2021) version 3.6.1 run, which records a new alternative 
MSA every ten iterations. The BAli-Phy program was executed 
with the parameter -iter = 4000.

For each reference MSA, we also obtained four “default MSAs,” 
defined as the standard inferred alignments produced by four 
different alignment programs using their default settings. 
Specifically, we first unaligned the sequences. We next realigned 
them using each of the following alignment algorithms: MAFFT 
(Katoh 2002; Katoh and Standley 2013) version v7.525, PRANK 
(Löytynoja 2014; Löytynoja 2021) v.170427, Muscle5 (Edgar 
2022) version 5.2.linux64, and BAli-Phy (Gupta et al. 2021) version 
3.6.1. The default alignments of MAFFT, PRANK, and Muscle5 
were produced with the default settings. The BAli-Phy bp-analyze 
command line was run to produce P1.max.fasta alignment, 
which was used as the default alignment for this algorithm.

A total of 153 input features were extracted from each simu
lated MSA. Two additional features related to 3D protein struc
tures were extracted for empirical MSAs. The list of all 155 
features is detailed in Information S1. Each of the 155 features 
can be assigned to one of the following categories: (i) unaligned 
sequence attributes, eg the length of the unaligned shortest se
quence; (ii) MSA attributes, eg the total number of MSA columns; 
(iii) SoP-related features, eg the sum of pairs cost, using the 
PAM250 substitution matrix with a gap opening and gap exten
sion penalty of −10 and −1; (iv) gap-related features, eg the total 
number of gaps of length one in the MSA; (v) tree-related fea
tures, eg the average branch length, when branch lengths are op
timized on a neighbor-joining tree extracted from the MSA; (vi) 
entropy-related features, eg the average entropy of an alignment 
column; (vii) k-mer-related features, eg the average frequency of 
k-mer of length five found within the MSA; and (viii) 
structure-related features, eg the fraction of columns that are 
identical between the MSA and a FoldMason-based structural 
alignment of the same set of sequences.

One of the primary objectives of this study was to develop a 
novel deep learning–based scoring function for MSAs that corre
lates strongly with the quality of the inferred alignment, as meas
ured by its dseq distance to the reference alignment. To this end, 
we trained a deep learning regression model that receives as in
put the MSA features and predicts dseq, referred to as Model 1. 
Figure S1 illustrates the architecture of our neural network mod
el, and Table S1 provides additional network attributes and the 
optimal hyperparameters for this model. Hyperparameters 
were optimized using the Optuna package (Akiba et al. 2019), 
maximizing the correlation between the predicted and true dseq

values. The above Dsim and Demp data were each split into train, 
validation, and test sets in a 64:16:20 ratio. To avoid data leak
age, all alternative MSAs derived from the same original dataset 
and based on the same sets of sequences were assigned to the 
same partition (train, validation, or test).

We subsequently trained a second model (referred to as Model 
2), which incorporates modifications to Model 1 that focus specif
ically on selecting the most accurate MSA from a given collection 
of alternatives. To support this objective, the target label was 
changed to a rank-based normalized version of the original 
dseq distance. Normalization was performed independently with
in an MSA-batch, ie the set of alternative MSAs derived from the 
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same set of sequences. For a given alternative MSA with index i 
within an MSA-batch, the scaled target value was computed as 
Scaledi = ri−1

n−1, where ri represents the rank of the MSA with index 
i in this MSA-batch according to its dseq distance value, and n de
notes the total number of alternative MSAs in the MSA-batch. In 
case of ties, all entries with the same rank were given the average 
rank (eg if two MSAs had ranks 5 and 6 with the same score, both 
obtained the rank 5.5). Feature values were also normalized for 
all alternative MSAs within the same MSA-batch. For a given fea
ture, all its feature values across the 1,600 alternative MSAs with
in an MSA-batch were ranked, and the scaled feature value was 
computed using the same rank-based approach described above 
for the target value.

When running Model 2, our objective is to distinguish between 
MSAs comprising an MSA-batch. During training and testing, a 
minibatch of MSAs is processed by the deep learning model (a 
minibatch is a standard term in learning algorithms, which is 
the number of samples processed in each learning iteration. 
Note that this is a different “batch” from the MSA-batch). We im
plemented a custom “batch generator” that ensured all MSAs 
within a minibatch belong to the same MSA-batch, ie Model 2 
“sees” each time it processes data only MSAs that belong to 
the same MSA-batch.

To emphasize the accurate ranking of the best alignments 
within each batch, the loss function was modified to penalize 
prediction errors more heavily for the top-performing MSAs. 
Specifically, the loss was defined as Loss = MSE + τ1 × MSEtop n̂, 
where MSE denotes the mean squared error across the entire 
batch, and MSEtop n̂ represents the mean squared error computed 
over the n̂ samples with the lowest (ie best) target labels within 
that batch. The free parameter τ1 controls the relative contribu
tion of the MSE versus the MSEtop n̂. The network attributes and 
hyperparameters of Model 2 are listed in Table S1. The selected 
hyperparameters maximized the validation loss. Both models 
were trained using TensorFlow Keras (Abadi et al. 2016; Chollet 
2018).

To train the DNA version of Models 1 and 2, we generated 350 
DNA MSA-batches. We constructed 70 MSA-batches, each con
taining 40, 50, 60, 70, or 80 sequences. Each MSA-batch included 
400 alternative MSAs generated using GUIDANCE-MAFFT. Of the 
350 MSA-batches, 80% were randomly selected for training the 
models, while the remaining 20% were reserved for testing.

To train these models, several modifications were introduced 
to the features. These include the following: (i) counting all pos
sible substitutions (A↔C, A↔G, A↔T, C↔G, C↔T, G↔T); (ii) using 
a DNA-based substitution matrix derived from Kimura’s two- 
parameter model instead of the protein PAM and BLOSUM matri
ces when computing the SoP score; (iii) changing the gap penalty 
parameters when computing the SoP score; and (iv) increasing 
the length of the considered k-mer-based features (detailed in 
Information S1). For DNA sequences, we used the same deep net
work architecture, hyperparameters (eg τ1), and train–test parti
tion ratio as those used for protein sequences.

Our methodology takes as input a set of alternative MSAs. The 
first step consists of feature extraction across all MSAs in the 
batch. This step produces a CSV file summarizing the extracted 
features across all MSAs; this file is provided in the GitHub reposi
tory. The feature file is then used as input to the trained deep 
neural network model. Model inference outputs a score for 
each MSA, provided as an additional CSV file. The source code 

used to generate all figures presented in this manuscript is 
also included in the repository.

Results
First, we aimed to assess the extent to which existing alignment 
quality measures are capable of predicting the distance from the 
reference alignment. Two alignment quality measures were con
sidered: SoP and the entropy score (ES). The SoP quality measure 
is expected to be positively correlated with alignment quality (and 
negatively correlated with the distance from the reference MSA). 
The ES is expected to be negatively correlated with alignment 
quality (and positively correlated with the distance from the refer
ence MSA). To demonstrate how we evaluate the performance of 
each of these MSA quality metrics, consider a single MSA-batch, 
eg empirical MSA BBA0169 from the BAliBASE dataset. This 
MSA-batch includes a known reference alignment and 1,600 in
ferred alternative alignments, generated by various alignment 
tools. For each alternative MSA, we measured the alignment qual
ity (eg the SoP score) and its distance from the reference align
ment using the dseq distance metric, which has the advantage of 
being a mathematically valid distance measure that satisfies prop
erties, such as symmetry and the triangle inequality (Blackburne 
and Whelan 2012). We examined the Pearson correlation between 
the min–max normalized quality metric values and the distance 
from the reference alignment. For example, in the case of the 
SoP score, we expect higher values to correspond to smaller dis
tances from the reference alignment and vice versa. The 
Pearson correlation for this MSA-batch (BBA0169) was −0.91 
(Fig. 1a). The correlation coefficient for the ES was −0.61. We re
peated the same analysis for a single simulated MSA-batch 
(Fig. 1b). In this case, SoP performed similarly to ES, with correl
ation coefficients of −0.78 and 0.77, respectively.

We next repeated this analysis across all 294 empirical 
BAliBASE MSA-batches (Fig. 1c) and 340 simulated MSA-batches 
generated through a simulation process based on the 
OrthoMaM database (Fig. 1d). On the empirical datasets, the 
SoP metric showed higher predictive accuracy compared to ES 
in 285 out of 294 cases (ie higher absolute Pearson coefficients). 
For the simulated data, SoP performed better than ES in 187 out 
of 340 cases. SoP correlated similarly with other MSA similarity 
metrics, ie when Residues-Pairs and Total Column were used in
stead of the dseq metric (Fig. S2). Since the SoP metric performed 
better than the ES metric, and is the most commonly used ap
proach to score MSAs, we decided to use SoP in all subsequent 
analyses.

Using the above approach, we next evaluated our deep learn
ing–based scoring scheme, hereafter referred to as Model 1, and 
compared its performance with that of the SoP metric on the 
same representative cases shown in Fig. 1. For the empirical 
MSA-batch BBA0169, the Pearson correlation coefficients were 
0.95 for Model 1 and −0.91 for SoP (Fig. 2a). Model 1 also outper
formed SoP on the simulated MSA-batch, with Pearson coeffi
cients of 0.90 and −0.79, respectively (Fig. 2b). Importantly, 
these test examples were not used during model training. A simi
lar trend was observed when a larger set of test examples was 
analyzed (Fig. 2c and d). As these panels display only the test 
data, excluding the training data, the number of datasets corre
sponds to one-fifth of the total: 59 empirical and 68 simulated 
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datasets. For these datasets, Model 1 outperformed SoP in 52 
(88.1%) and 59 (86.8%) of the cases, respectively. Overall, these 
results indicate that across both empirical and simulated data
sets, the two variants of Model 1 (one for empirical and one for 
simulated data) consistently predict the distance from the refer
ence alignment more accurately than the SoP metric.

Model 1 predicts multiple MSAs close to the reference MSA, 
which appears as a scatter of dots in Fig 2a and b. These MSAs 
are characterized by similar small distances to the reference 
MSA. Model 1 is unable to accurately identify the most accurate 
MSA out of this scatter. The same limitation is even more empha
sized when the SoP metric is used.

This outcome is not surprising because the correlation calcu
lation includes all evaluated alignments, including those that 
are very distant from the reference alignment, and Model 1 was 
trained implicitly assigning all of them with the same import
ance. Therefore, high overall performance across the entire data
set does not necessarily translate into accurate identification of 
the alignments closest to the reference MSA. However, research
ers are often most interested in identifying the best alignment, 
rather than in accurately predicting distances for distant, low- 
quality alignments. In light of this, we proceeded to evaluate 
how well SoP and Model 1 perform in the task of identifying 
the alignment closest to the reference alignment.

(a) (c)

(b) (d)

Figure 1 a) Empirical MSA-batch BBA0169. Each dot represents the score obtained for one alternative MSA. For each alternative MSA, we computed two 
alignment quality scores: SoP and Entropy-Sum (ES), as well as dseq, the distance of the inferred MSA from the reference MSA. The Pearson correlation 
coefficient between each MSA quality score and dseq is shown at the lower right. The quality scores were normalized to be between zero and one, using 
the formula x−min

max−min, where x, min, and max correspond to the scores of the alternative MSA, the minimal score among all alternative MSAs, and the 
highest score, respectively. b) Similar analysis on a simulated MSA-batch. c) Distribution of Pearson correlation coefficients across 294 empirical 
BAliBASE MSA-batches. Data points above the y = x line correspond to cases in which ES outperformed SoP, ie higher correlation coefficients. 
d) Distribution of absolute values of Pearson correlation across 340 simulated MSA-batches, each reflecting the evolutionary dynamics of an OrthoMaM 
alignment.
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To further exemplify this issue, we analyzed the distribution 
of the distance from the reference MSA (dseq) over all 1,604 al
ternative and default MSAs, for a single empirical dataset 
(BBA0169) (Fig. 3a). In this plot, the alternative MSA that was 
closest to the reference alignment has a dseq of 0.171. Note 
that this distance is nonzero, as the reference alignment itself 
was not among the alternative alignments generated by 
the inference tools. The dseq values associated with the default 
MSAs produced by the various aligners were 0.182, 0.218, 
0.285, and 0.293 for Muscle, MAFFT, PRANK, and BAli-Phy, re
spectively. The inferred MSA with the highest (best) SoP score 
yielded a dseq value of 0.182, while selecting the MSA with the 
lowest (best) Model 1 score resulted in a dseq value of 0.213. 
These findings highlight the limited effectiveness of Model 1 
in identifying the optimal MSA from a set of alternatives, des
pite its ability to predict with high accuracy the distance 

from the reference MSA when a large number of alternative 
MSAs are considered.

As stated above, among the alternative MSAs shown in Fig. 3a, 
the one that was closest to the reference MSA had a dseq value of 
0.171. Using the SoP score, the (normalized) score of the closest 
MSA was 0.99, and 33 out of the 401 top-quartile alternative 
MSAs had SoP values higher than this MSA (Fig. 3b). When the 
goal is to find the optimal MSA, these are errors of the SoP scoring 
scheme. Model 1 predicted the (normalized) score of this optimal 
alternative MSA to be 0.149. Among the 1,604 scores, 313 out of 
401 MSAs had predicted scores below this score (Fig. 3c). These 
are clear errors of Model 1. These results highlight the need for 
an alternative score to discriminate among MSAs that are closest 
to the reference one.

To better discriminate between alternative MSAs that are simi
lar to the reference one, we tested several alternatives, including 

(a) (c)

(b) (d)

Figure 2 a) Empirical MSA-batch BBA0169. The Pearson correlation coefficients between an MSA quality score (either SoP or Model 1) and dseq were 
computed, similar to Fig. 1a. A vertical dashed line indicates the dseq value of the most accurate MSA among the alternatives. The oval shapes highlight 
top-scoring MSAs that both SoP and Model 1 struggle to rank correctly. b) Similar analysis on a simulated MSA-batch. c) Distribution of absolute values of 
Pearson correlation across 59 empirical test MSA-batches for SoP and Model 1. Data points above the y = x line correspond to cases in which Model 1 
outperformed SoP, ie higher correlation coefficients. d) Similar analysis across 68 simulated test MSA-batches.
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(a)

(b) (c)

Figure 3 Analysis of empirical MSA-batch BBA0169. a) Probability density function of dseq value for 1,604 alternative and default MSAs. Markers indicate 
the positions of the default alignments (MAFFT, PRANK, BAli-Phy, Muscle), the highest SoP-scoring MSA (“max SoP”), the MSA selected using Models 1 
and 2, and the alternative MSA closest to the reference MSA (“Min Alt MSA”). The density observed to the left of the Min Alt MSA marker reflects a 
smoothing artifact introduced by the kernel density estimation and does not correspond to additional alignments. Note that the Max-SoP and 
Muscle-Default markers overlap. b) dseq and SoP predicted scores for the (top quartile) 401 alternative MSAs with the lowest dseq. The dseq and predicted 
score of the alternative MSA that is closest to the true MSA are indicated by vertical and horizontal lines, respectively. Alternative MSAs above the 
horizontal lines were predicted to be superior to the closest MSA and hence represent clear errors of SoP. c) dseq and Model 1 predicted scores for the 401 
alternative MSAs with the lowest dseq. Alternative MSAs below the horizontal lines represent clear errors of Model 1.

(a) (b) (c)

Figure 4 Performance of Model 2 on the “pick-the-best-MSA” task. For each MSA-batch, each method (Model 2, the SoP score, or an aligner’s default 
output) selected a single MSA from the set of alternative alignments, and performance was assessed by comparing the distance of the selected MSA from 
the reference MSA. a) Proportion of MSA-batches in which Model 2 or the SoP score identified the more accurate alignment, or in which both methods 
tied; shown separately for the empirical (59 batches) and simulated (68 batches) datasets. b) For the empirical dataset, proportion of cases, stratified by 
alignment program, in which Model 2 selected a more accurate MSA than the default output of that program, the default output was more accurate, or 
the selections tied. c) Same as b), but for the simulated test set.
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the following: (i) training on the subset of MSAs with the lowest 
dseq, (ii) training on augmented data of MSAs with the lowest 
dseq, (iii) alternative loss functions that penalize more heavily 
MSAs with low dseq, and (iv) several ranking functions, such as 
RankNet (Burges et al. 2005), Kendall loss (Kendall 1938; 
Brinker and Hüllermeier 2020), and NDCG (Chen et al. 2009). 
Model 2 (discussed below) outperformed these approaches, 
and hence we only show Model 2 results.

Model 2 was trained to rank alternative MSAs and, accordingly, 
receives an MSA-batch as input. This is in contrast to Model 1, 
which receives as input a single MSA and predicts its accuracy. 
Model 2 was trained using rank-normalized target values, and 
its loss function penalizes errors in the relative ranking of accur
ate MSAs more heavily (see Materials and methods). For the ex
ample analyzed in Fig. 3, Model 2 selected an inferred MSA with 
dseq = 0.176, better than the MSA predicted by Model 1 (dseq = 
0.213) and only 2.9% greater distance than the best possible 
alignment (dseq = 0.171). The prediction of Model 2 was better 
than those selected by all default aligners. Specifically, the dis
tance from the best alternative alignment was 6.4% to 71.3% 
higher for the default aligners compared to Model 2 alignments 
(Fig. 3a). We next tested the hypothesis that Model 2 outperforms 
Model 1 in terms of correlation with dseq. This was not the case 
(Fig. S3), highlighting the differences between the two models: 
While Model 1 can predict MSA quality without requiring alterna
tive MSAs, Model 2 is trained to pick the top-scoring MSA among 
alternative MSAs, a task it performs better than Model 1.

We next evaluated the performance of Model 2 on a large set of 
datasets using the “pick-the-best-MSA” task, designed to quan
tify the ability to identify the most accurate alignment from a 
set of alternative MSAs. In each instance, the model was tasked 
with selecting a single alignment, and this choice was compared 
against selections made by the SoP score and the default outputs 
of the alignment algorithms. As shown in Fig. 4a, Model 2 selected 
alignments that were closer to the reference alignment than 
those chosen by SoP in 71.2% and 85.3% of the cases in empirical 
and simulated sets, respectively (P < 0.0004, chi-square test with 
df = 1, in both cases). Except for the case of BAli-Phy, Model 2 also 
outperformed the default aligners, consistently choosing better 
MSAs, both for empirical and simulated datasets (Fig. 4b and c, 
respectively). These results underscore the practical effective
ness and value of Model 2 in real-world scenarios and demon
strate its superiority over both traditional scoring methods and 
alignment tool outputs.

We next examined the extent to which the performance of 
Model 2 is affected by total sequence divergence, as measured 
by the sum of branch lengths in the underlying tree. 
Specifically, we randomly selected three simulated tree/param
eter combinations from the test set and scaled each tree by a fac
tor of 1, 2, 4, 8, or 16. We then simulated “true” MSAs on these 
trees under the corresponding model parameters, yielding 15 
tree–MSA pairs. For each pair, we unaligned the sequences and 
realigned them using MAFFT, PRANK, or Muscle and generated al
ternative MSAs using GUIDANCE (for MAFFT and PRANK) or in
ternally within Muscle5. For each dataset and branch-length 
scaling factor, we ranked all alternative MSAs by accuracy and 
determined the rank of the alternative MSA selected by Model 2 
and by SoP. As sequence divergence increased, the ability of 
both Model 2 and SoP to identify the best MSA decreased. For ex
ample, in one simulated MSA-batch using the original branch 

lengths, Model 2 selected the fifth-ranked MSA among the alter
natives, whereas SoP selected the alignment ranked 71st. When 
all branch lengths were multiplied by 16, Model 2 selected the 
highest-ranking alignment, whereas SoP selected the MSA 
ranked 296th (Table S2). Across 15 comparisons, Model 2 selected 
more accurate MSAs than SoP in five cases, six comparisons re
sulted in a tie, and SoP selected a more accurate MSA in four 
cases. These results suggest that Model 2 retains an advantage 
over SoP in identifying high-quality alignments even under con
ditions of substantial sequence divergence.

We next examined whether our models can accurately rank 
MSAs containing substantially larger numbers of sequences, al
though the model had not been trained on MSAs of this scale. 
To this end, we evaluated the ability of Model 2 to rank alterna
tive MSAs comprising 1,000 and 5,000 sequences, while the mod
el was trained on MSAs with less than 100 sequences. Because 
generating alternative MSAs for such large datasets is computa
tionally demanding, we evaluated only a single set of 400 simu
lated alternative MSAs for the 1,000-sequence dataset and 148 
alternative MSAs for the 5,000-sequence dataset.

For the 1,000-sequence dataset, the rank correlation between 
the scores assigned by Model 2 and the distance from the true 
MSA was r = 0.91, indicating strong agreement between the 
model ranking and MSA accuracy. This performance exceeded 
that of SoP, which achieved a rank correlation of r = −0.81
(Fig. S4). Moreover, the MSA selected by Model 2 was closer to 
the true MSA than the one selected by SoP (dseq = 0.080 and 
0.087, respectively). Similar trends were observed for the 
5,000-sequence dataset, for which the rank correlations were 
r = 0.96 for Model 2 and r = −0.84 for SoP (Fig. S4). In this case, 
both methods selected the MSA closest to the true MSA.

We next evaluated an alternative approach for scoring large 
MSAs. Given an MSA with 1,000 sequences, rather than applying 
Model 2 directly, we randomly sampled a subset of sequences and 
constructed a corresponding sub-MSA comprising only the selected 
rows and columns that contained at least one nongap character 
among them. Model 2 was then applied to this sub-MSA. In our ex
periments, we sampled 60 sequences—within the range used for 
training Model 2—and computed a predicted score for each 
sub-MSA. This procedure was repeated multiple times (five repli
cates), and scores were averaged to obtain a final estimate for 
each alternative MSA. All MSAs were subsequently ranked according 
to their average Model 2 scores. The same sampling strategy was 
also applied to SoP. Applying this approach to a simulated dataset 
of 1,000 sequences with 400 alternative MAFFT alignments, we ob
tained rank correlations of r = 0.89 (Model 2) and r = −0.77
(SoP). These values closely match those obtained when scoring 
the full MSAs directly (r = 0.91 and r = −0.81 for Model 2 and 
SoP, respectively). Together, the results of both approaches indicate 
that a model trained on only a few dozen sequences can accurately 
rank alternative MSAs containing 1,000 and even 5,000 sequences.

The sampling strategy may improve performance when evalu
ating large MSAs, as the resulting sub-MSAs more closely resem
ble the training regime of Model 2. However, subsampling 
inevitably discards information, which could reduce accuracy. 
The high concordance between sampling-based and full-MSA 
evaluations suggests that both approaches provide reliable rank
ings of large alternative MSAs.

We next examined how the number of alternative MSAs per 
batch affects the performance of Model 2. Specifically, for each 
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of 68 held-out test MSAs (ie simulated MSA-batches not used for 
training), we randomly sampled 20, 50, 100, 200, 400, 800, or 
1,600 alternative MSAs. Model 2 outperformed SoP across all 
sample sizes, and both approaches benefited from having at 
least 100 alternatives available (Fig. S5). In the “pick-the-best- 
MSA” task, Model 2 benefited from larger candidate sets, increas
ing its advantage over the default alignments produced by 
MAFFT, Muscle, and PRANK and partially narrowing the gap to 
BAli-Phy (Fig. S6), which nonetheless remained the most accur
ate method. For example, when 50 alternatives were considered, 
Model 2 selected an alignment that was more accurate than the 
default Muscle alignment in 70.6% of cases, whereas Muscle was 
more accurate than Model 2 in 5.9% (ties occurred in 23.5%). 
When the candidate set was expanded to 1,600 alternatives, 
Model 2 selected a more accurate alignment than the default 
Muscle alignment in all test cases. Finally, we quantified how 
often increasing the number of alternatives beyond 20 improved 
the best attainable alignment (Fig. S7). This analysis indicated 
that larger candidate sets more frequently contained an align
ment closer to the true MSA; for instance, increasing the number 
of alternatives from 20 to 1,600 yielded a more accurate selected 
alignment in 52.9% of batches. Taken together, these results 
show that Model 2 can already outperform default alignments 
when as few as 50 alternatives are available, but its performance 
improves further as more alternative MSAs are considered.

We next assessed whether our approach could accurately rank 
DNA-based MSAs. To this end, we trained DNA-specific versions 
of Model 1 and Model 2 using DNA alignments (see Materials 
and methods). In a representative example comprising 40 simu
lated sequences and 400 alternative MSAs, the score produced by 
Model 1 showed a strong correlation with the distance to the 
true simulated MSA (r = 0.95), outperforming SoP (r = − 0.89; 
Fig. S8a). Extending this analysis to 70 independent DNA 
MSA-batches not used for training, Model 1 outperformed SoP 
in 66 cases (94.3%; Fig. S8b).

We then evaluated the DNA-trained version of Model 2 for its 
ability to rank alternative alignments by accuracy. In a 
“pick-the-best-MSA” test across the same 70 MSA-batches, the 
top-ranked MSA identified by Model 2 was more accurate than 
that selected by SoP in 81.4% of cases, matched SoP in 10.0%, 
and was less accurate in 8.6% of cases. Together, these results 
indicate that our approach generalizes effectively to noncoding 
DNA sequences.

To gain insights into the models’ decision-making, we ana
lyzed the 40 most influential features for the regression-based 
Model 1 and the ranking-optimized Model 2. Feature importance 
was quantified using SHAP (SHapley Additive exPlanations) val
ues (Lundberg and Lee 2017), which quantify the contribution 
of each feature to the final prediction (Table 1). Notably, the 
sets of top features differed between Model 1 and Model 2, con
sistent with their distinct training objectives. For Model 2, 
SoP-based features were strongly enriched, including SoP scores 
computed under multiple substitution matrices (eg BLOSUM62 
and PAM250) and a range of gap opening and gap extension pen
alty combinations. This pattern suggests that no single param
eter set is universally optimal and that performance benefits 
from integrating signals across diverse parameterizations. 
Accordingly, rather than relying on a fixed configuration, Model 
2 effectively exploits a broader landscape of scoring regimes 
simultaneously, enabling adaptation to dataset-specific 

characteristics. This advantage is not available to non–BAli-Phy 
approaches that depend on a single parameter set. In addition, 
protein structural features were highly important for empirical 
benchmarks (eg FoldMason residue pairs score and FoldMason 
residue pairs score_rank). Finally, entropy-based features (entro
py_sum and entropy_sum_rank) appeared to be the most con
tributing features for the simulated benchmarks, but did not 
rank among the top contributors in the empirical benchmarks, 
indicating that they capture complementary aspects of MSA 
quality not reflected by SoP alone.

To evaluate the effect of the underlying MSA on phylogenetic 
accuracy, we compared the normalized Robinson–Foulds (RF) 
distances between inferred and true trees across 68 test simu
lated datasets. Trees reconstructed from the reference MSAs 
and those from the MSAs with the best Model 2 predicted scores 
exhibited very similar mean RF distances (0.316 vs. 0.305, re
spectively; P > 0.05, paired one-tailed t-test). In contrast, trees re
constructed from MAFFT default MSAs exhibited significantly 
reduced topological accuracy compared to those inferred from 
the best predicted MSAs (mean RF distance of 0.336 vs. 0.316; 
P < 0.05, paired two-tailed t-test). Trees inferred from the MSAs 
generated using the default Muscle and PRANK aligners exhibited 
even lower RF distance than those inferred from MAFFT (not 
shown). Overall, these results demonstrate that phylogenies in
ferred from MSAs selected using the trained Model 2 ranking func
tion achieved accuracy comparable to those based on the true 
alignments and outperformed trees reconstructed from standard 
MAFFT default alignments.

We next evaluated the computational cost of our approach. 
Given a trained Model 2, the first step is to generate a set of alter
native MSAs. In this study, we generated 1,600 alternative protein 
MSAs for each MSA-batch. For the empirical dataset BBA0169 
(Fig. 2), this included 400 GUIDANCE-MAFFT alternatives (1 min 
5.28 s; four processes), 400 GUIDANCE-PRANK alternatives 
(29 min 15.68 s; four processes), 400 Muscle-based alternatives 
(13 min 34.3 s; four threads), and 400 posterior BAli-Phy samples 
(over 1 week). Feature extraction on these alternative MSAs re
quired 1 min 9.6 s, and ranking all 1,600 MSAs using the trained 
Model 2 took 1.7 s. Thus, the overwhelming majority of the com
putational cost is devoted to generating alternative MSAs. 
Similarly, during training, most of the runtime was spent on gen
erating alternative MSAs for each batch, whereas simulation, fea
ture extraction, and parameter tuning contributed negligibly to 
the total runtime.

Discussion
In this work, we developed two deep learning models that ad
dress distinct aspects of MSA evaluation. Model 1 acts as a scor
ing function, mapping any given MSA to a single numerical value 
that serves as a proxy for its likelihood or overall quality. Of note, 
Model 1 is not intended as a diagnostic tool for assessing abso
lute MSA quality, as it lacks an interpretable reference scale. 
For example, an MSA with a predicted Model 1 score of 0.12 
may represent a high-quality MSA in the context of highly di
verged, gappy sequences, or a poor-quality MSA for closely re
lated sequences. Model 2, in contrast, was trained to directly 
compare alternative MSAs generated from the same set of se
quences, particularly to discriminate among the top-scoring 
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alignments. In principle, a scoring function can also be used to 
rank alignments by sorting their predicted scores. However, 
our results show that while Model 1 correlates strongly with over
all alignment quality, it did not perform well in distinguishing 
among top-scoring MSAs. This limitation likely arises because 
Model 1 was not explicitly trained to discriminate between close
ly related, high-quality alignments. Consequently, the correlation 
between predicted and true quality decreases substantially 
when only top-ranked MSAs are considered. These observations 
motivated the development of Model 2, which uses a dedicated 
loss function that optimizes relative ordering among MSAs and 
assigns a higher weight to MSAs that are close to the reference 
alignment. This approach reflects the practical goal of most ap
plications: to identify a single high-quality MSA suitable for 
downstream analyses, rather than to assign absolute scores to 
all possible alignments. A key innovation of our framework, 
therefore, is that unlike SoP and related metrics, Model 2 explicit
ly optimizes for ranking accuracy rather than for absolute 
scoring.

To our knowledge, this study is the first to employ deep learn
ing to learn an MSA ranking function. A major distinction be
tween our approach and classic scoring schemes, such as SoP 

and its variants, is that we use supervised learning to directly 
train the ranking model. This allows the model to capture com
plex dependencies among features, thus integrating over mul
tiple characteristics of an MSA and not just the inventory of the 
number of gaps and substitutions. ML methods are increasingly 
being applied to algorithmic challenges in molecular phyloge
netics (Azouri et al. 2021, 2024; Smith and Hahn 2023; Mo et al. 
2024). Here, we demonstrate that such approaches can also ad
dress one of the field’s most persistent problems, MSA inference. 
Notably, combining our trained model with the Guidance-based 
generation of alternative MSAs enabled the selection of align
ments that are, on average, more accurate than those produced 
by widely used programs (in their default settings), including 
MAFFT, PRANK, and Muscle5, across both simulated and empiric
al datasets.

We designed over 150 handcrafted features that capture di
verse structural and statistical properties of both the MSA and 
its underlying phylogenetic tree. These features allow our models 
to overcome several limitations of traditional scoring methods, 
such as SoP, which depend on a single affine-gap and substitu
tion model to evaluate pairwise alignments. Many of our features 
generalize this concept by varying substitution matrices and gap 

Table 1 Mean absolute value of the top ten features impact on model output using SHAP values.

Empirical data

Model 1 Model 2

Feature Mean absolute 
SHAP value

Feature (rank-normalized) Mean absolute 
SHAP value

1 FoldMason residue pairs 
score

0.078 FoldMason residue pairs score_rank 0.092

2 seq_max_len 0.026 sp_BLOSUM62_GO_-10_GE_-0.2_rank 0.039
3 seq_min_len 0.023 sp_go_rank 0.028
4 sp_go_norm 0.016 sp_mismatch_count_rank 0.024
5 sp_ge_norm 0.015 sp_PAM250_GO_-10_GE_-0.5_rank 0.021
6 n_unique_sites 0.011 sp_norm_PAM250_GO_-6_GE_-1_rank 0.020
7 gaps_len_one 0.009 sp_ge_rank 0.018
8 k_mer_average_K5 0.009 sp_norm_BLOSUM62_GO_-10_GE_-1_rank 0.018
9 parsimony_max 0.009 FoldMason column score_rank 0.015
10 gaps_len_four_plus 0.009 sp_HENIKOFF_with_gaps_BLOSUM62_GO_-6_GE_-0.2_rank 0.015

Simulated data

Model 1 Model 2

Feature Mean absolute 
SHAP value

Feature (rank-normalized) Mean absolute 
SHAP value

1 constant_sites_pct 0.013 entropy_sum_rank 0.049
2 entropy_sum 0.013 sp_ge_rank 0.029
3 num_cols_all_gaps_except1 0.012 sp_BLOSUM62_GO_-6_GE_-0.2_rank 0.029
4 parsimony_mean 0.010 sp_mismatch_count_rank 0.028
5 k_mer_average_K5 0.009 sp_match_count_rank 0.022
6 sp_mismatch_norm_PAM250 0.009 sp_PAM250_GO_-6_GE_-0.2_rank 0.018
7 sp_go_norm 0.009 sp_HENIKOFF_with_gaps_BLOSUM62_GO_-6_GE_-0.2_rank 0.017
8 n_unique_sites 0.007 sp_go_norm_rank 0.016
9 bl_mean 0.007 gaps_1seq_len4plus_rank 0.015
10 seq_min_len 0.006 sp_match_BLOSUM62_rank 0.014

The SHAP values were extracted based on the random subset of 500 MSAs from the test set batches.
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penalties. For example, Feature 27 (“sp_BLOSUM62_GO_- 
6_GE_-0.2”) represents the SoP score computed using the 
BLOSUM62 matrix with a gap opening penalty of −6 and a 
gap extension penalty of −0.2, whereas Feature 37 (“sp_ 
PAM250_GO_-10_GE_-1”) uses the PAM250 matrix with a gap 
opening penalty of −10 and extension penalty of −1 (see 
Information S1 for details). By learning dependencies among 
such features, the model can adaptively downweigh Feature 27 
when few long indels are present while assigning greater import
ance to Feature 37. The model learns whether there are few or 
many long indels, from features, such as “gaps_len_four_plus,” 
which counts gaps of length ≥4, and “avg_unique_gap_length,” 
which quantifies the average length of unique indels. As part of 
feature extraction, we also compute a neighbor-joining tree and 
calculate parsimony scores for each alignment column, eg “parsi
mony_mean,” which measures the mean parsimony score across 
all columns. Together, our features capture both parsimony-based 
concepts underlying early alignment algorithms and SoP-based 
measures that characterize most modern MSA inference methods.

In this study, we trained each model twice: once using simu
lated datasets and once using empirical datasets. We observed 
that models trained on simulated data performed less effectively 
when applied to empirical data and vice versa. Additionally, 
Model 2 outperformed all aligners, except BAli-Phy. These find
ings are consistent with previous studies demonstrating funda
mental differences between simulated and empirical datasets. 
For example, Trost et al. (2024) showed that a ML classifier can 
readily distinguish between empirical and simulated MSAs. 
Another important distinction between the simulation-trained 
and empirically-trained models lies in the features used during 
training. The empirical models incorporated structure-based fea
tures, which are irrelevant to the simulation-trained models be
cause the simulated datasets did not account for protein 
structural constraints. Finally, some of the apparent prediction 
errors observed for the empirical models may stem from inaccur
acies in the empirical reference alignments themselves. Unlike si
mulated MSAs, which have a known ground truth, the reference 
alignments in datasets, such as BAliBASE, are inferred and there
fore cannot be regarded as genuine reference MSAs (Edgar 2010; 
Iantorno et al. 2014). Despite these differences between models 
trained on simulated versus empirical MSAs, our results clearly 
show that accounting for multiple features capturing global as
pects of the MSA within a deep learning inference framework 
can be highly efficient in ranking both types of alternative 
MSAs and thus help improve the accuracy of MSA inference.

We have shown that Model 2 enables selecting a single MSA 
that is more accurate than several widely used alignment pro
grams. From the practical aspect, however, this necessitates gen
erating alternative MSAs and running the trained model on each 
of them to select the best one, which is computationally costly. 
Relatively straightforward modifications can potentially reduce 
running times, eg discarding some of the alternative MSAs based 
on a subset of features and extracting the entire set of inform
ative features only from those alternative MSAs that pass the first 
filtering step.

Additional types of features could further enhance model per
formance. For instance, when analyzing empirical data, one 
could incorporate features derived from predicted three- 
dimensional protein structures generated by tools, such as 
AlphaFold3 (Abramson et al. 2024), though this approach would 

incur substantial computational cost. A promising alternative is 
to use embedding vectors from protein language models, which 
capture rich contextual information about amino acid sequences 
(Rao et al. 2021; Rives et al. 2021; Brandes et al. 2022; Lin et al. 
2023; Heinzinger et al. 2024; Hayes et al. 2025). Because several 
features in our current approach depend on the assumed phylo
genetic tree, a fully end-to-end framework would also require dir
ect embedding of the tree. Nevertheless, handcrafted features 
retain important advantages in interpretability. They facilitate 
the identification of systematic failure modes and provide bio
logical insight into model behavior. For example, in cases of long- 
branch attraction (Susko and Roger 2021), deviations in tree-based 
features can reveal the source of alignment error, an effect that 
might be obscured when using purely learned representations.

A potential limitation of our framework is its assumption that 
MSAs are constructed from correctly inferred homologous sequen
ces, whereas in practice, many alignments are derived from pre
dicted gene models. Errors in gene prediction, such as incorrect 
exon boundaries, exon fragmentation, or inclusion of nonhomolo
gous regions, can introduce systematic biases into the input align
ments. These errors may lead to misleading alignment features 
that are unrelated to true evolutionary signal, potentially affecting 
model predictions. While our approach remains applicable in such 
settings, its performance will depend on the quality of the under
lying gene annotations, highlighting the importance of careful pre
processing and orthology validation when applying MSA-ranking 
methods to genome-derived datasets.

Our simulations did not explicitly incorporate low-complexity 
regions (Enright et al. 2023). To our knowledge, there is currently 
no widely used evolutionary simulator that realistically models 
the emergence and evolution of low-complexity sequence fea
tures along a phylogeny. As a result, such regions were not rep
resented in the training data for our models. Low-complexity 
regions are known to challenge alignment methods and may 
introduce patterns that differ from those captured during model 
training, potentially affecting prediction accuracy. We therefore 
expect that model performance in the presence of such regions 
could differ from that reported here. Incorporating low- 
complexity evolution into training data would likely improve ro
bustness, but this will require the development of appropriate 
simulation frameworks or curated empirical benchmarks.

Another potential limitation of our simulation-based Model 2 is 
that it is trained and tested on MSAs generated under indel and 
substitution stochastic models that fail to capture several key as
pects of molecular sequence evolution. For instance, the substi
tution process assumes a constant rate within each site, even 
though it is well established that evolutionary rates can vary 
over time at the same site, a phenomenon known as heterotachy 
(Lopez et al. 2002; Galtier and Jean-Marie 2004). Similarly, given 
the tree topology and site-specific rates, our simulator models 
substitutions at different alignment positions as independent 
events, thereby ignoring potential co-evolution between resi
dues. When the three-dimensional structure of a protein is 
known, incorporating structural constraints into the simulations 
would provide a more biologically realistic representation of se
quence evolution (Robinson et al. 2003; Rodrigue et al. 2005; 
Echave and Wilke 2017; Ferreiro et al. 2026). In addition, although 
the indel model used here allows for distinct insertion and dele
tion rates (Loewenthal et al. 2021), it overlooks several well- 
documented aspects of indel evolutionary dynamics (Redelings 
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et al. 2024). For example, the current model assumes that indel 
probability is uniform across all alignment positions, implying 
no among-site variation in indel rate. This assumption is clearly 
oversimplified, as indels are typically rare in the structurally con
strained core of proteins and more frequent on protein surfaces 
(Kim and Guo 2010). Overall, increasing the biological realism of 
simulated MSAs represents an important direction for future 
work. Such improvements are likely to enhance not only the ac
curacy of deep learning–based MSA inference but also the per
formance of downstream deep learning–based analyses in 
molecular evolution, including phylogenetic tree reconstruction, 
estimation of phylodynamic model parameters (Voznica et al. 
2022; Lambert et al. 2023), and model selection (Abadi et al. 
2020; Burgstaller-Muehlbacher et al. 2023; Kulikov et al. 2024; 
Braichenko et al. 2025).

For training the deep learning models, we applied fully con
nected networks with a handful of hidden layers. The loss func
tion for Model 2 was relatively ad hoc, aiming to give more 
weight to erroneous ranking of alternative MSAs that are close 
to the reference one than the rest of the alternative alignments. 
A few networks dedicated to ranking were previously suggested 
(Burges et al. 2005; Chen et al. 2009; Brinker and Hüllermeier 
2020; He et al. 2022). In addition, transformers were shown to 
be a promising architecture for models that use representation 
learning. We predict that a substantial increase in model per
formance can be obtained by exploring alternative network con
figurations and loss functions, following innovations in the very 
fast-developing field of AI research.

Further research is required to fully characterize and optimize 
the proposed methodology. For instance, when training an MSA 
ranking model, it remains unclear whether performance would 
benefit more from increasing the number of alternative MSAs with
in each MSA-batch or from expanding the total number of 
MSA-batches. Another open question concerns dataset compos
ition: Should “easy” cases, such as alignments with low indel rates, 
be excluded from the training and validation sets to focus the 
model on more challenging examples? Furthermore, we generated 
alternative MSAs in equal proportions using the alignment tools 
PRANK, MAFFT, Muscle, and BAli-Phy. It is possible, however, 
that some alignment methods should be more heavily represented 
within each training batch than others, depending on their error 
characteristics or similarity to the true alignment. Systematic ex
ploration of these design parameters will be valuable for improv
ing both training efficiency and model generalizability.

Model 2 currently ranks a limited set of alternative MSAs for 
each group of unaligned sequences, leaving many potentially 
high-scoring alignments unexplored. In this study, alternative 
MSAs were generated, for example, using GUIDANCE2 (Sela 
et al. 2015) by perturbing guide trees, adjusting gap penalties, 
and sampling co-optimal solutions within progressive alignment 
frameworks. Each resulting MSA therefore represents a distinct 
combination of these alignment parameters. This procedure 
could be extended into an iterative refinement framework. 
Specifically, one could begin by sampling alternative MSAs, use 
Model 2 to identify the top candidates, and then generate new al
ternatives by applying targeted perturbations to these top- 
performing MSAs (eg small modifications to guide trees or gap 
penalties). This cycle would iteratively refine the candidate 
pool while balancing exploration and exploitation. Additional 
promising MSAs might also be generated by combining 

information from several top-ranking alignments (Collingridge 
and Kelly 2012). Alternative refinement algorithms can also be 
used to search for neighboring MSAs with a high Model 2 score 
(Gotoh 1996; Thompson et al. 2003; Gotoh 2014; Katoh and 
Standley 2014; Mokaddem et al. 2019). Such iterative processes 
terminate once no additional high-scoring MSAs are found.

In this work, we focused on identifying a single MSA that best 
represents the underlying homology relationships among the an
alyzed sequences. However, when the ultimate goal is phylogen
etic reconstruction, it is often advantageous to account for 
alignment uncertainty rather than relying on a single, fixed 
MSA (Wheeler et al. 1995; Sela et al. 2015). More generally, the 
Bayesian framework for phylogenetic inference advocates inte
grating, or averaging, over sources of uncertainty, such as model 
parameters and alignment uncertainty, rather than conditioning 
on point estimates (Lunter et al. 2005; Hohna et al. 2016; Baele 
et al. 2017; Nascimento et al. 2017). A promising future direction 
is the development of generative deep learning models that take 
as input a set of unaligned sequences and generate samples of 
alternative alignments according to their posterior probabilities.
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true (simulated) MSA and the phylogenetic tree used to generate 
them.
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