Molecular Biology and Evolution, 2025, 42, 1-6
https://doi.org/10.1093/molbev/msaf149
Advance access publication 23 June 2025

Brief Communications

MBE OXFORD

Newly Developed Structure-Based Methods Do Not
Outperform Standard Sequence-Based Methods for
Large-Scale Phylogenomics

,12 Eduard Ocaiia-Pallarés

,/%31* Toni Gabaldén ® >*>"*

'Barcelona Supercomputing Centre (BSC-CNS), Barcelona 08034, Spain

2|nstitute for Research in Biomedicine (IRB Barcelona), The Barcelona Institute of Science and Technology, Barcelona 08028, Spain
3|nstitut de Biologia Evolutiva (CSIC-Universitat Pompeu Fabra), Barcelona, Spain

“Catalan Institution for Research and Advanced Studies (ICREA), Barcelona, Spain

SCIBER de Enfermedades Infecciosas, Instituto de Salud Carlos I, Madrid, Spain

"Both authors share senior author contribution.

*Corresponding authors: E-mails: ed3716@gmail.com; toni.gabaldon@bsc.es.

Associate editor: Belinda Chang

Giacomo Mutti

Abstract

Recent developments in protein structure prediction have allowed the use of this previously limited source of information at genome-wide scales.
It has been proposed that the use of structural information may offer advantages over sequences in phylogenetic reconstruction, due to their
slower rate of evolution and direct correlation to function. Here, we examined how recently developed methods for structure-based homology
search and tree reconstruction compare with current state-of-the-art sequence-based methods in reconstructing genome-wide collections of
gene phylogenies (i.e. phylomes). While structure-based methods can be useful in specific scenarios, we found that their current
performance does not justify using the newly developed structure-based methods as a default choice in large-scale phylogenetic studies. On
the one hand, the best performing sequence-based tree reconstruction methods still outperform structure-based methods for this task. On
the other hand, structure-based homology detection methods provide larger lists of candidate homologs, as previously reported. However,
this comes at the expense of missing hits identified by sequence-based methods, as well as providing sets of homolog candidates with
higher fractions of false positives. These insights help to guide the use of structural data in comparative genomics and highlight the need to
continue improving structure-based approaches. Our pipeline is fully reproducible and has been implemented in a Snakemake workflow. This
will facilitate a continuous assessment of future improvements of structure-based tools in the AlphaFold era.
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Introduction compute distance-based phylogenies from protein structures
which the authors argued can outperform traditional methods
also for closely related proteins.

Motivated by the potential shown by Foldtree, we analyzed
whether a phylogenomic pipeline could be adapted to use pro-
tein structures for genome-wide phylogenetic analysis, such as
the reconstruction of all evolutionary histories of human genes

—i.e.—the human phylome (Huerta-Cepas et al. 2007).

As the number of available genomes increases, so does our
ability to investigate deeper and unresolved evolutionary ques-
tions. However, traditional phylogenetic methods based on se-
quences have limitations, such as the saturation of the
phylogenetic signal when dealing with highly-divergent se-
quences and/or distantly related species. When seeking new
sources of phylogenetic information, protein structures have
been considered based on the idea that they are expected to di-
verge at a slower pace than sequences (Illergard et al. 2009).
However, the scarcity of experimental structural information
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has limited their use in large-scale phylogenetic studies.

The development of AlphaFold2 has recently revolutionized
the field of structural biology, unlocking the analyses of pro-
tein structures at scales previously considered unachievable
(Jumper et al. 2021). As a consequence, new methods have
been developed to handle such scales. One example is
Foldseek, a software that allows fast alignment of protein
structures based on a recoding of the structural information
into a 20-state alphabet (Van Kempen et al. 2024). Recently,
Moi et al. (2023) developed Foldtree: a pipeline to quickly

A set of 18 eukaryotic species (supplementary table S1,
Supplementary Material online) was selected to reconstruct
the human phylome based on available proteomes from
UniProt (The UniProt Consortium et al. 2023). By inferring
the human phylome, we refer to reconstructing the phylogenet-
ic relationships between all H. sapiens proteins (seed/query
proteins) and their homologs in the species set (target proteins).

Protein structures were downloaded from the AlphaFold
database (Varadi et al. 2024). Proteins with poorly predicted
structures [average predicted Local Distance Difference Test
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(pLDDT) < 40] were excluded. Protein sequences were ex-
tracted from the structure files to ensure full congruence be-
tween sequences and structures (Fig. 1a).

The sequence and the structure of each H. sapiens seed pro-
tein were aligned with BlastP and Foldseek, respectively,
against the 18 species’ proteomes dataset (Altschul et al.
1990; Van Kempen et al. 2024). Both results were filtered
based on E-value < le-3, query coverage >50%, and target
coverage > 50%. Four target sets were retrieved for each
seed: top 150 BlastP hits (Bp), top 150 Foldseek hits (Fs),
Union, and intersection (Common) between Bp and Fs sets
(Fig. 1b).

For each target set, eight tree reconstruction methods were
applied (Fig. 1c; supplementary methods, Supplementary
Material online for details):

1. FT: structure-based distance method. The same proced-
ure as the Foldtree Snakemake implementation (Moi
et al. 2023).

2. 3Di: structure-based Maximum Likelihood (ML) meth-
od. Structures are recoded with the 3Di alphabet com-
puted by Foldseek. After masking sites with pLDDT <
50, 3Di sequences were aligned with FoldMason
(Gilchrist et al. 2024). The alignments were then trimmed
with TrimAl -gappyout (Capella-Gutiérrez et al. 2009).
Trees were reconstructed with IQ-TREE (Minh et al.
2020) specifying as substitution matrix the 3Di matrix
computed in Puente-Lelievre et al. (2024).

3. GTR: ML structure-based method. The same alignment
as 3Di was used in IQ-TREE using the GTR substitution
matrix (GTR20).

4. AF: ML structure-based method. The same alignment as
3Di was used in IQ-TREE using the AF substitution ma-
trix computed in (Garg and Hochberg 2025).

5. LLM: same as AF using the alternative substitution ma-
trix computed in (Garg and Hochberg 2025).

6. LG: sequence-based ML method. Protein sequences were
aligned with mafft —auto (Katoh and Standley 2013) and
trimmed as in 3Di and GTR. Trees were reconstructed
with IQ-TREE specifying the LG substitution matrix
(Le and Gascuel 2008).

7. EM: sequence-based distance method. The same align-
ment for LG was used as input to FastME (Lefort et al.
2015).

8. Part: the trimmed alignments from LG and 3Di were con-
catenated and used as input in IQ-Tree using a partition
scheme.

For computational reasons, we subsampled 1,000 random
seeds, filtered those with <4 common hits, and proceeded
with inferring 32 phylogenies per seed (four target sets per
eight tree reconstruction methods). We compared the accur-
acy of each gene tree reconstruction method according to three
different metrics (see supplementary methods, Supplementary
Material online for details).

All the scripts used in this project were developed as a re-
producible and customizable pipeline in Snakemake (Molder
et al. 2021) available at https:/github.com/Gabaldonlab/
structural_phylome. These analyses can be reproduced with
any taxon set present in UniProt. Check the supplementary
methods, Supplementary Material online for additional
information.
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Divergences Between BlastP and Foldseek

Among the query-target pairs identified by BlastP and
Foldseek, only 2.62x10°¢ pairs (23.6%) were detected by
both tools (common targets). After filtering, this proportion
increases to 39.8% (0.58 x 10° pairs), highlighting a signifi-
cant disparity between the two approaches (Fig. 1b). The
two tools, respectively, identified 3.53x10% (31.8%) and
4.94 x 10° (44.5%) unique hits (referred to as singletons here-
after). These proportions expectedly decrease to 16.6% and
43.6% after filtering.

To understand these striking differences, we investigated three
alignment metrics in the unfiltered results: percentage of identity,
E-value and query coverage. For each metric we explored the cor-
relation among BlastP and Foldseek in common hits (see binned
scatterplots in Fig. 2a—c), and the distribution of values in single-
tons and common hits for these metrics (see marginal distribu-
tions in Fig. 2a—c). We observed that the percentage of identity
of common hits is highly correlated between BlastP and
Foldseek (r=0.85, Fig. 2a). Interestingly, only Foldseek single-
tons have lower identity values (mode <25%) when compared
with common hits (Fig. 2a). This indicates that Foldseek, as pro-
posed, may be useful to detect highly-divergent homologs in the
so-called sequence identity “twilight zone” (Sander and
Schneider 1991; Rost 1999; Puente-Lelievre et al. 2024).
However, in an assessment based on the EggNOG orthologous
groups (Huerta-Cepas et al. 2019), we found that the potential
of Foldseek in identifying remote homologs comes at the expense
of missing a higher fraction of established co-orthologous rela-
tionships when compared with BlastP (supplementary fig. S1a,
Supplementary Material online). The E-values of both tools
show moderate correlation (r=0.43) but Foldseek E-values
tend to be lower (Fig. 2b). BlastP and Foldseek singletons have
similar E-value distributions when compared with common
hits. Regarding query coverage, BlastP singletons usually have
lower values for this metric (see red marginal distribution in
Fig. 2c). Consistent with this, the hits identified by BlastP but
not by Foldseek in the EggNOG orthologous groups analysis
usually show low query coverage values (supplementary fig.
S1b, Supplementary Material online). This suggests Foldseek
may be missing hits when homology conservation is restricted
to a smaller fraction of the protein space.

For each alignment, Foldseek computes both the average
Local Difference Distance Test (LDDT) and the Template
Modeling (TM) Score. These two metrics quantify the overlap
between pairs of aligned structures and both are clearly lower
in Foldseek singletons indicating highly-divergent homologs
or possible spurious homologs (Fig. 2d, ). Regarding the qual-
ity of protein structure predictions, common hits have higher
average pLDDT (as computed by AlphaFold) compared with
both Foldseek and BlastP singletons (Fig. 2f). This indicates
that poorly predicted structures may be responsible for both
false positives (Foldseek singletons) and false negatives
(BlastP singletons) in Foldseek searches.

As an orthogonal benchmark of the two similarity search
methods, we explored the homogeneity of CATH annotations
in filtered BlastP and Foldseek results. Our rationale was that
correct homologous identifications should result in target sets
with higher fractions of shared C, CA, CAT and CATH do-
main annotations with respect to the query. Common hits
have more homogenous annotations, followed by BlastP sin-
gletons (Fig. 2g). The lower levels of concordance of
Foldseek singletons suggest that this method recovers a higher
fraction of non-homologous targets than BlastP.
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Fig. 1. Schematic representation of the pipeline. a) Primary amino acid sequences and 3Di-recoded structures from Homo sapiens’ proteins (seeds) are
aligned against a dataset of 18 eukaryotic species with BlastP (Bp) and Foldseek (Fs), respectively. b) Before entering into the phylogenetic pipeline, Bp
and Fsresults are divided into four target sets per seed as shown in the Venn diagram. The number of query-target pairs in each target set before and after
filtering is shown below. c) The four target sets of each seed are submitted to eight tree reconstruction methods. (For computational reasons, we

restricted step C to 1,000 randomly selected seeds). *Among the randomly selected seeds, only those with at least four common hits entered into step C.

Underperformance of Structure-Based
Methods for Tree Reconstruction

We compared the performance of sequence-based versus
structure-based tree reconstruction methods based on the fol-
lowing metrics (Fig. 3): (i) Robinson-Foulds (RF) (Robinson
and Foulds 1981) distance to the species tree of single copy or-
thologs subtrees obtained from splitting multicopy gene fam-
ilies using DISCO; (ii) fraction of gene tree quartets agreeing
with the species tree topology (quartet support), and (iii) num-
ber of duplication and losses needed to reconcile the gene trees
with the species tree. More accurate gene trees are expected to
have lower RF distances to the species tree, show higher quar-
tet support values, and require less events to be reconciled.
Structure-based methods (3DI, GTR, FT, AF, and LLM)
did not outperform sequence methods (LG, FM) in any of
these metrics (Fig. 3). All the ML structure-based methods
(3DI, GTR, AF, and LLM) clearly underperformed the ML
sequence-based method (LG). Bootstrap support values were
higher in LG, perhaps due to the worse performance of ML
structure-based  methods  (supplementary  fig.  S2a,
Supplementary Material online). Both distance methods,
sequence-based (FM) and structure-based (FT), performed
similarly (Fig. 3). Further, they also produced very similar
trees to each other (supplementary fig. S2b, Supplementary
Material online). This suggests structure and sequence data
may provide similar phylogenetic information but that struc-
tural ML methods still have room for improvement. Despite
the overall worse performance of ML structure-based meth-
ods, we confirm that the AF and LLM matrices provide a bet-
ter fit than 3Di and GTR (as reported in Garg and Hochberg
20235), indicating that these recent contributions represent im-
portant steps toward a better ML structure-based inference
(supplementary fig. S2¢, Supplementary Material online).

LG outperformed structure-based and sequence-based dis-
tance methods, most clearly in metrics (i) and (ii) (Fig. 3a
and b), inferring less discordant trees with the species tree
for all target sets. This implies that LG performed better
also for the target sets which include Foldseek singletons
(i.e. candidate homologs only identified based on structural in-
formation). The better performance of ML sequence-based
was confirmed in an independent benchmarking done with
one of the datasets that were used to benchmark Foldtree
(Moi et al. 2023) (supplementary fig. S3, Supplementary
Material online, see supplementary methods, Supplementary
Material online). Finally, we also explored a partition scheme
combining sequence and 3Di information (part), as done in a
recent study (Puente-Lelievre et al. 2024). Interestingly, this
condition outperformed ML structure-based methods but
does not seem to improve the performance of the ML
sequence-only condition (LG) despite being more computa-
tionally intensive and time consuming.

To complement the previous analyses done on the distinct
target sets, we explored the topological information of the
gene trees. Foldseek singletons show a greater normalized
internode distance to the seed compared with BlastP single-
tons, a median distance of 0.625 and 0.547, respectively,
based on LG, the best performing tree reconstruction method
(this result is consistent in all tested conditions, supplementary
fig. S2d, Supplementary Material online). Common hits were
the closest to the seed (median =0.455), showing a more simi-
lar distribution to BlastP singletons than to Foldseek single-
tons (supplementary fig. S2d, Supplementary Material
online). Overall, these results are concordant with Foldseek
being able to detect homologs in the “twilight zone”.
However, this comes at the expense of identifying a higher
fraction of targets with non-homologous structures than
BlastP (Fig. 2g), and also of missing BlastP singletons, which


http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data

4 Mutti et al. - https://doi.org/10.1093/molbev/msaf149

—~
QD
L
~
O
~
—~
()
~

100 1 3220 100 L ey :
X [0 %
o o ) i
» 757 S 15 8 75
ke] o L
(e} L L
s o .
> 507 2 10 2 50
= S o
g i) >
T 251 S 5 5 25
R 2 G
. . . | T 0 0
0 25 50 75 100 0 5 10 15 20
% ldentity BlastP -log10(Evalue BlastP) Query cov. BlastP
(d) (9)
Target sets — Common — onlyBlast only Foldseek CATH Level C — CA — CAT — CATH
1.00
P
c
(0]
©
0.00 025 050 0.75 1.00 075
LDDT
(e)
2 L
% S 050+
2 |
0.00 025 050 075 1.00
TM-Score
) 0.251
2
2
g X\
40 60 80 100 0.00 025 050 075 1.00
Mean target pLDDT Mean Jaccard Index

Fig. 2. Distributions and correlation of a) percentage identity, b) —Log10(E-value) and c) query coverage for unfiltered BlastP and Foldseek results. The
marginal distributions are color-coded according to the target set. Distribution of d) Local Difference Distance Test (LDDT), e) Template Modeling (TM)
score and f) mean target predicted LDDT between different target sets. g) Cumulative distribution of mean Jaccard index per query for all levels of CATH
annotation, including protein class (C), architecture (A), topology (T), and homologous superfamily (H) (indicatedcoded with different transparency levels,
see legend). See supplementary methods, Supplementary Material online for details on this analysis.

—~
&
—~
O
~
—~
O
~

kk xRk Rk Rkx Ak kkn Kk Sk ko kakn ARk Rk Rkx ok wkh wkk ok R
o 8 :
19 1.00 . c et
@ £ 091 . oL
o) 4 HIE
2 0751 2 8ol IR
2 =3 L: [HH i '. H
2 ® 0.7 SR RHIET
o 050 B ,_,: 4
[T sy =
o T S o5 e
. 0251 : g 24
€
£
o
Z good T oo eee ee 034 04
LG FM part FT 3Di GTR AF LLM LG FM part FT 3Di GTR AF LLM LG FM part FT 3Di GTR AF LLM
AA Mixed 3Di AA Mixed 3Di AA Mixed 3Di

Method ML Distance Targetsets BE blast BE common B fs B union

Fig. 3. Boxplot distribution grouped by target set and tree reconstruction method of a) normalised Robinson—Foulds (RF) distance of decomposed single
copy gene trees to the species tree, b) First Quartet Frequency support values (this measure indicates how many times the nodes in the species trees are
observed in the gene trees), and c) number of gene duplications and losses inferred by gene tree-species tree reconciliation normalised by number of tips.
Significant differences to LG are annotated as asterisks over each respective boxplot. See the “Performance assessment of tree reconstruction
methods” section of supplementary Methods, Supplementary Material online for details on how P-values were computed.


http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data
http://academic.oup.com/mbe/article-lookup/doi/10.1093/molbev/msaf149#supplementary-data

Structure-Based vs. Sequence-Based Phylogenomics - https://doi.org/10.1093/molbev/msaf149 5

tend to be phylogenetically closer to the seed than Foldseek
singletons (supplementary fig. S2d, Supplementary Material
online).

As done in Moi et al. (2023), we assessed ultrametricity
(measured as the variance of root-to-tip distances) as a possible
index of tree reconstruction quality. We noticed that FT was
considerably more ultrametric than any other method, as re-
ported in Moi et al. (2023) (supplementary fig. S2e,
Supplementary Material online). The four ML structure-based
methods (3Di, GTR, AF and LLM) were more ultrametric than
LG, possibly indicating that structures may, in fact, present a
more “molecular clock-like” behavior than sequences.
Notwithstanding  this, since LG outperformed all
structure-only based methods (Fig. 3), this indicates that ultra-
metricity is not necessarily an indicator of accurate phylogen-
etic reconstruction.

Conclusions

Before the development of AlphaFold, structural protein data
was scarce, especially for non-model species (supplementary
fig. S4, Supplementary Material online). Following the
AlphaFold revolution, phylogenomic analyses based on struc-
tural information are now possible thanks to tools such as
Foldseek and Foldtree. Despite this being a very important
achievement, our results altogether point out that structure-
based methods still do not outperform the standard sequence-
based tools for large-scale phylogenetics, particularly in the
phylogenetic reconstruction step. The potential of the
structure-based tool Foldseek to detect highly-divergent ho-
mologs in the “twilight zone” (Fig. 2a) could be of particular
interest when protein sequences provide limited resolution for
homology search (Himmel et al. 2023; Kostlbacher et al.
2024). However, its usage comes with the risk of missing se-
quences detected as homologs by Blast (BlastP singletons),
which are more phylogenetically proximal to the seed se-
quence than Foldseek singletons (Fig. 2g; supplementary fig.
S2d, Supplementary Material online). Regarding gene tree re-
construction, the ML sequence-based method performed bet-
ter than FT, even when run on the set of structural homologs
identified by Foldseek (Fig. 3). While ML sequence-based per-
formed much better than ML structure-based for tree recon-
struction, few differences in performance were observed
between sequence and structure-based tree distance methods
(Fig. 3). This suggests that future improvements either in the
recoding of structural information (Edgar 2024) and/or in
ML implementations of structure-based tree reconstruction
methods (Garg and Hochberg 2025; Puente-Lelievre et al.
2024) could eventually lead structure-based methods to sur-
pass sequence-based methods in large-scale phylogenomics.

Supplementary Material

Supplementary material is available at Molecular Biology and
Evolution online.
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