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Is Protein BLAST a thing of the past?
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M Check for updates

Will protein structure search tools like Alpha-
Fold replace protein sequence search with
BLAST? We discuss the promises, using struc-
ture search for remote homology detection, and
why protein BLAST, as the leading sequence
search tool, should strive to incorporate struc-
tural information

Main
BLAST' is widely used in molecular biology to search for nucleotide
and protein sequences. Three decades after BLAST was introduced,
there were major breakthroughs in structure prediction, and tools
such as RoseTTAFold’ and AlphaFold® emerged. Consequently, every
protein sequence in the major sequence databases now comes with a
model of how it folds in 3D. While this does not affect (non-coding)
nucleotide sequences, it begs the question of whether a search over 3D
protein structures will replace a search over protein sequences. Is
Protein BLAST a thing of the past?

While BLAST searches are a powerful tool in function prediction,
they are limited. Sequences can degrade significantly and still fold into
similar 3D structures that perform the same or similar functions.

Different sequences, same structures. An impressive example of
such a protein pair can be found in adhesion molecules of algae and
bacteria*, specifically in the diatom adhesion protein CaTrailin_4 and
the bacterial ice-binding protein FfIBP. The pair has no sequence
similarity detectable by BLAST (E-value 0.30, where E-values > 0.001
are not considered significant). In fact, even more refined sequence-
based tools such as HHblits® cannot establish a relation, either. Yet, the
predicted structure of CaTrailin_4 and the known structure of FfIBP
resemble each other closely as both adopt a beta helical fold consisting
of two units held by an alpha helix - a topology characteristic for ice-
binding proteins* (see Fig. 1a-c).

Such structural similarities can be measured by the so-called
template modelling score (TM-score), which combines RMSD (root
mean square deviation) and alignment length in an interpretable score.
A TM-score greater than 0.5 implies that two structures are likely to
adopt the same fold®” and are evolutionarily related. For an indepen-
dent evaluation of this cut-off, see Supplementary Note 2. A TM-score
of 0.6—above the 0.5 cut-off—is achieved for CaTrailin.4 and FfIBP.
Thus, structure comparison can uncover this striking similarity, which
remains elusive for BLAST and other sequence-based tools such as
HHblits.

Another example concerns DNA recombination, a fundamental
process in replication in which single-strand annealing proteins (SSAP)
play a central role. For more than two decades, it has been suspected
and controversially discussed whether RecT/Redf, ERF, and RAD52
form three different or just one superfamily. The former view is sup-
ported by sequence analysis which shows no demonstrable similarity

between RecT/Redp, ERF, and RADS52. In fact, Rad52 and Redf have no
similarity detectable by BLAST (E-value 0.38). Taking structure into
account changes the picture. Al-Fatlawi et al. juxtapose representative
structures of RecT/Redp, ERF, and RAD52 side by side and show that
despite the lack of sequence similarity, the structures contain one core
structural element®. It is central in oligomerization as it generates a
ring and helix structure, respectively. Consequently, it is very well
conserved across RecT/Redp, ERF, and RADS2, and it is detectable by
structural similarity (TM-score of 0.5) despite the lack of any sequence
similarity (see Fig. 1d-f).

Structure prediction to the rescue. These examples suggest that
AlphaFold may be able to step in where BLAST cannot find significant
similarity. Hence, the question arises: How can this be achieved sys-
tematically? To this end, there are tools such as Foldseek’, DALI', and
3D-AF-Surfer”, which scan and compare structures using auto-
encoders, distance matrix alignment, and dedicated fingerprints,
respectively. While these tools exist, they still need to be more wide-
spread and straightforward enough to compete with BLAST searches
over sequence databases. A synergy is needed that integrates them
into a classic BLAST sequence search. A first step in this direction has
been recently taken by a study comparing reciprocal best BLAST hits
and reciprocal best structural hits"? and by nearest neighbour search
on machine learning embeddings of sequences®.

To explore the potential of such an advanced tool, we wanted to
understand how membership in the same superfamily is linked to
sequence and structure similarity. Thus, we obtained 11,211 domains in
1954 with superfamilies from the SCOPe database'. These form
62,278,380 domain pairs, of which 225,931 (0.36%) are in the same
superfamily and can hence be considered homologues.

How many of these homologous pairs can be found directly by
sequence and by structure, respectively? At an E-value cut-off of 0.001,
BLAST recovers 16,300 (7%) out of the 225,931 pairs. Relaxing the cut-
off to 1, the number increases to 25,634 (11%). But even at an E-value
of <10, it does not exceed 15%. These figures greatly improve if one
considers more sensitive sequence-based methods such as hidden
Markov models. In fact, HHblits is able to retrieve 175,682 pairs (78%)
under optimal conditions, which is even better than the 164,468 (73%),
which are found through structure comparison (TM-score > 0.5).

However, what about the 62,052,449 pairs which are not in the
same superfamily? Among these pairs, there are zero, 9,053, and
72,329 with an E-value of less than 0.001, 1, and 10, respectively.
HHblits identify among these 25%, while the false detection of struc-
tural alignment was limited to below 2%. Expressed as the area under
the curve, HHblits achieves an AUC of 77% and the structure compar-
ison 95% compared with 44% in Blast. A higher AUC score indicates that
the classifier is more effective at correctly assigning higher scores to
proteins in the correct superfamily compared to proteins in other
superfamilies. See Supplementary Note 1-3.

As encouraging as the 95% AUC for structure comparison may be,
the availability of high-quality structures may be a limitation. It is
estimated that 30% of all eukaryotic proteins contain disordered
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(a) FIBP

(d) Rads2

(e) Redp

(f) Alignment

Fig. 1| FfIBP (a)/CaTrailin_4 (b) and Rad52 (d)/Redf (e) have a poor E-value around 0.3. Yet, their structures superpose very well (c, f), suggesting that they may be

distant homologues.

regions of 50 or more consecutive amino acids”, which can be
expected to be of poor quality in 3D structure prediction. These
regions would be amenable to sequence search with BLAST, while they
would not be suitable for a direct structural search. To assess how such
alarge percentage extends to the whole of the AlphaFold database, we
computed the average confidence score for all AlphaFold structures.
We found that 80% of all AlphaFold structures have a pLDDT con-
fidence score of 70% or better, meaning that they are modelled well
with generally good backbone prediction (see Supplementary Note 4).
This means that there is substantial structural data available which is of
suitable quality.

BLAST, a thing of the future. BLAST perfectly addresses many needs
of biomedical researchers such as detection of variants and closely
related sequences. However, the specific problem of remote homology
detection is hard for pure sequence search. Here, structure can go
much further than sequence’?. We have evaluated this relationship of

sequence and structural similarity by a demonstration analysis of
millions of pairs of domains. Taken together, the analysis suggests that
BLAST with a stringent E-value is very precise at finding homologues
but is not comprehensive. Hidden Markov models are more sensitive
but with limited specificity. Structure comparison balances these two
extremes. If BLAST search incorporates structural data, it could extend
the number of hits which have similar predicted structures and may be
candidate homologues without jeopardizing the quality of results.

It is not obvious how to integrate structural data into sequence
search, but one approach that appears feasible would be to not use
structure data directly but indirectly through so-called embeddings®,
which are intermediate sequence representations generated by neural
networks and which form the basis for structure prediction with neural
networks.

However, homology detection building on embeddings and
structural data will only contribute to transforming molecular biology
if made available in an easy-to-use manner and if widely adopted by the
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community. Prominent institutes such as the NCBI, EBI, and Riken
should now strive to employ fast structure search as implemented in
FoldSeek’ or the use of embeddings to extend classic BLAST-based
protein sequence searches so that Protein BLAST continues to be a
thing of the future.

Ali Al-Fatlawi?, Martin Menzel' & Michael Schroeder ®'2
'Biotechnology Center (BIOTEC), Center for Molecular and Cellular
Bioengineering, Technische Universitat Dresden, Dresden, Germany.
2Center for Scalable Data Analytics and Artificial Intelligence (ScaDS.Al),
Dresden, Germany. - 'e-mail: michael.schroeder@tu-dresden.de

Received: 19 December 2022; Accepted: 21 November 2023;
Published online: 11 December 2023

References

1. Altschul, S. F., Gish, W., Miller, W., Myers, E. W. & Lipman, D. J. Basic local alignment search
tool. J. Mol. Biol. 215, 403-410 (1990).

2. Baek, M. et al. Accurate prediction of protein structures and interactions using a three-track
neural network. Science 373, 871-876 (2021).

3. Jumper, J. et al. Highly accurate protein structure prediction with AlphaFold. Nature 596,
583-589 (2021).

4. Suchanova, J. Z. et al. Diatom adhesive trail proteins acquired by horizontal gene transfer
from bacteria serve as primers for marine biofilm formation https://doi.org/10.1101/2023.
03.06.531300 (2023).

5. Remmert, M., Biegert, A., Hauser, A. & S6ding, J. HHblits: lightning-fast iterative protein
seqguence searching by HMM-HMM alignment. Nat. Methods 9, 173-175 (2012).

6. Xu, J. & Zhang, Y. How significant is a protein structure similarity with TM-score= 0.5?
Bioinformatics 26, 889-895 (2010).

7.  Zhang, Y. & Skolnick, J. Tm-align: a protein structure alignment algorithm based on the TM-
score. Nucleic Acids Res. 33, 2302-2309 (2005).

8. Al-Fatlawi, A., Schroeder, M. & Stewart, A. F. The rad52 SSAP superfamily and new insight
into homologous recombination. Commun. Biol. 6, https://doi.org/10.1038/s42003-023-
04476-z (2023).

9. van Kempen, M. et al. Fast and accurate protein structure search with Foldseek. Nat. Bio-
technol. https://doi.org/10.1038/s41587-023-01773-0 (2023).

10. Holm, L. Using dali for protein structure comparison. Methods Mol. Biol. 2112, 29-42 (2020).

1. Aderinwale, T. et al. Real-time structure search and structure classification for AlphaFold
protein models. Commun. Biol. 5, 316 (2022).

12. Monzon, V., Paysan-Lafosse, T., Wood, V. & Bateman, A. Reciprocal best structure hits: Using
AlphaFold models to discover distant homologues https://doi.org/10.1101/2022.07.04.
498216 (2022).

13. Elnaggar, A. et al. Prottrans: Toward understanding the language of life through self-
supervised learning. IEEE Trans. Pattern Anal. Mach. Intellig. 44, 7112-7127 (2021).

14. Fox, N. K., Brenner, S. E. & Chandonia, J.-M. Scope: Structural classification of proteins—
extended, integrating scop and astral data and classification of new structures. Nucleic
Acids Res. 42, D304-D309 (2014).

15. Dunker, A. et al. Intrinsically disordered protein. J. Mol. Graph. Model. 19, 26-59 (2001).

Acknowledgements

We kindly acknowledge financial support from the BMBF projects scads.ai and SNRT as well as
access to high-performance computing through the ZIH of TU Dresden. Thanks to Nicole Poul-
son and Francis Stewart for the discussions and to Alexandre Mestiashvili and Ballal MD Hossen
for IT support.

Author contributions
A.AF. and M.S. conceived the study, A.A.F. and M.M. implemented the study, A.A.F., M.M., and
M.S. analysed data, A.A.F. and M.S. wrote the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains supplementary material available at
https://doi.org/10.1038/s41467-023-44082-5.

Correspondence and requests for materials should be addressed to Michael Schroeder.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a
link to the Creative Commons licence, and indicate if changes were made. The images or other
third party material in this article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not included in the article’s
Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

nature communications

(2023)14:8195 | 3


http://orcid.org/0000-0003-2848-6949
http://orcid.org/0000-0003-2848-6949
http://orcid.org/0000-0003-2848-6949
http://orcid.org/0000-0003-2848-6949
http://orcid.org/0000-0003-2848-6949
mailto:michael.schroeder@tu-dresden.de
https://doi.org/10.1101/2023.03.06.531300
https://doi.org/10.1101/2023.03.06.531300
https://doi.org/10.1038/s42003-023-04476-z
https://doi.org/10.1038/s42003-023-04476-z
https://doi.org/10.1038/s41587-023-01773-0
https://doi.org/10.1101/2022.07.04.498216
https://doi.org/10.1101/2022.07.04.498216
https://doi.org/10.1038/s41467-023-44082-5
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Is Protein BLAST a thing of the�past?
	Main
	Different sequences, same structures
	Structure prediction to the�rescue
	BLAST, a thing of the�future

	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




