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The recent CASP15 competition highlighted the critical role ofmultiple sequence alignments
(MSAs) in protein structure prediction, as demonstrated by the success of the top AlphaFold2-
based prediction methods. To push the boundaries of MSA utilization, we conducted a
petabase-scale search of the Sequence Read Archive (SRA), resulting in gigabytes of aligned
homologs for CASP15 targets. Theseweremergedwith defaultMSAs producedbyColabFold-
search and provided to ColabFold-predict. By using SRA data, we achieved highly accurate
predictions (GDT_TS>70) for 66% of the non-easy targets, whereas using ColabFold-search
default MSAs scored highly in only 52%. Next, we tested the effect of deep homology search
and ColabFold’s advanced features, such as more recycles, on prediction accuracy. While
SRA homologs weremost significant for improving ColabFold’s CASP15 ranking from 11th to
3rd place, other strategies contributed too. We analyze these in the context of existing strat-
egies to improve prediction.

Determining the 3D structure of proteins is
of great importance to many research

fields, encompassing cancer drug discovery
(Borkakoti and Thornton 2023; Ren et al.
2023), pesticide development, and crop im-

provement (Koesoema 2022). Additionally, it
plays a crucial role in the design of sensors and
enzymes (Pereira et al. 2021), as well as numer-
ous other applications, as reviewed by Pearce
and Zhang (2021).
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Traditionally, protein structures have been
solved using laborious techniques, such as X-
ray crystallography, resulting in just under
200,000 structures inmore than50 years of com-
munal effort (Berman et al. 2000; Subramaniam
and Kleywegt 2022). Resolved structures are
routinely deposited in the Protein Data Bank
(wwPDB consortium 2019). The demanding ex-
perimental process has motivated the develop-
ment of computational tools as a less burden-
some alternative for structure prediction. Since
1994, the Critical Assessment of protein Struc-
ture Prediction (CASP) has aimed to identify
state-of-the-art computationalmethodsbycom-
petition (Moult et al. 1995). The organizers of
CASP provide the participants with protein se-
quences, whose structures were experimentally
solved but not yet deposited in the PDB. The
solved structures are unknown to the organizers,
assessors as well as to the participants. Also, the
group identities are kept anonymous from the
assessors, therefore the competition is consid-
ered double-blinded, ensuring fairness.

Originally, computational prediction meth-
ods could be divided into twomain groups: tem-
plate-based modeling (TBM) and free modeling
(FM). However, in the past decade, the lines be-
tween the groups have been blurred (Bertoline
et al. 2023). TBM is a broad category in which
known structures are used as templates to predict
the structure of query proteins, based on the se-
quence similarity between them. In its simplest
form, a similarity between a single query and a
match from the PDB serves as the base for pro-
jecting thematch’s structure onto the query. The
inaugural software MODELLER (Šali and Blun-
dell 1993) and other tools that followed have
made use of this principle (see Pearce and Zhang
2021 for a review).

Given the limited size of the PDB and its bias
toward model organisms (Orlando et al. 2016),
detecting remote sequence homology is crucial.
To that end, increasingly sensitive search meth-
ods have been developed. The first step forward
was taken by algorithms like BLAST (Altschul
et al. 1990), which directly compare the query
sequence to the reference database. PSI-BLAST
(Altschul et al. 1997) improved upon this by
computing a multiple sequence alignment

(MSA) of the query and its best BLAST hits
and calculating a position-specific scoring ma-
trix from that. This generalization of the query is
used for a sensitive search of the reference. This
approach was further refined by using probabi-
listic hidden Markov models (HMMs) (Krogh
et al. 1994) in tools like HMMer (Eddy 2011).
Another significant advancement came with
HHsearch (Söding 2005), which expressed both
query and reference as HMMs, markedly im-
proving search sensitivity. This underpinned
the success of HHpred (Hildebrand et al. 2009)
in the CASP9 challenge (Moult et al. 2011). A
further development, HHblits (Remmert et al.
2012; Steinegger et al. 2019a), accelerated the
HMM-HMMcomparison allowing to query da-
tabases with millions of HMMs like the Uni-
clust30 (Mirdita et al. 2017), a clustered version
of the Uniprot (UniProt Consortium 2023), to
generate diverse query MSAs.

Due to its unprecedented sensitivity,
HHpred has transformed CASP in two ways.
First, many methods competing in CASP have
incorporated HHblits/HHsearch or other tools
to identify distant structural homologs (Berto-
line et al. 2023). Second, CASP has started using
it for classifying target domains in subsequent
competitions (Kinch et al. 2011). Specifically,
domains in targets for which HHpred could
identify a homolog in the PDB, are considered
by CASP as “TBM target domains,” while the
others—as “FM target domains.”

Recent advances in deep learning have been
harnessed by various methods for protein struc-
ture prediction (Torrisi et al. 2020). Undoubted-
ly, themost revolutionary of these is AlphaFold2
(Jumper et al. 2021), which won the CASP14
challenge by a significant margin (Kryshtafo-
vych et al. 2021), reaching experimental accuracy
for over two-thirds of the targets. Despite its
success, AlphaFold2’s prediction accuracy is
notwithout its limitations.Most notably, it relies
on its input MSA diversity (Mirdita et al. 2022),
experiencing a significant drop in prediction ac-
curacy when the median number of diverse se-
quences in the MSA is 30 or less (Jumper et al.
2021).Thisfinding is in agreementwithprevious
studies on the importance of distant homologs
to structure prediction (Ashkenazy et al. 2009;
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Kuhlman and Bradley 2019). However, the abil-
ity to construct a deepMSAdepends not only on
the sensitivity of search algorithms, such as
HHblits, but also on the potential pool of se-
quences (i.e., the reference database).

Metagenomics allows for sequencing uncul-
tivable organisms directly from the environ-
ment, significantly expanding the repertoire of
protein sequences deposited in scientific data-
bases. In recent years, metagenomic sequences
have showngreat potential in increasing the frac-
tion of proteins, whose structure can bemodeled
accurately (Ovchinnikov et al. 2017; Söding
2017; Wang et al. 2019; Yang et al. 2021). Of
note, the largest metagenomic database used in
these studies is the IMG/M, which contains 27
terabase pairs (Chen et al. 2023b).

It is therefore not surprising that the top
scoring servers in the most recent CASP15 chal-
lenge were based on AlphaFold2 and included
metagenomic sequences in their constructed
MSAs (Table 1). An example for such a server
is ColabFold (Mirdita et al. 2022). ColabFold
takes as input a query protein sequence(s),
whose structure is to be predicted. Its first step,
denoted here as CF-search, implements a proce-
dure for collecting homologs of the query using
MMseqs2 (Steinegger and Söding 2017). CF-
search starts by querying the input against the

UniRef30 database (Mirdita et al. 2017) and
computing profiles from the hits. Next, CF-
search queries these profiles against one of two
metagenomicdatabases,whichwere constructed
as part of the ColabFold release: BFD/MGnify
and ColabFoldDB (the default reference data-
base). As detailed in Table 2, BFD/MGnify con-
tains 513 million nonredundant proteins from
the union of the BFD (Jumper et al. 2021) and
MGnify (Richardson et al. 2023) databases. Co-
labFoldDBexpanded theBFD/MGnifywith var-
ious environmental proteins, resulting in ∼740
million proteins. Following the search, an MSA
is computed from the detected homologs and,
finally, in a step denoted here as CF-predict,
the MSA is provided as input to the AlphaFold2
models.

In this studywe examined different strategies
to improve protein structure prediction along
three axes. The first two focused on adding ho-
mologs to MSAs used for protein structure pre-
diction and the third on utilizing advanced fea-
tures of CF-predict. The first andmain axis is the
breadth of the search, where we studied the im-
pact of a much more systematic inclusion of
metagenomic sequences on prediction accuracy.
Over 37 petabase pairs are publicly available
through the Sequence Read Archive (SRA), the
world’s largest metagenomic database (Katz

Table 1. Use of homology algorithms and databases among leading CASP15 serversa

Name Rankb Homology search algorithm Ref. sequence databases (DBs)c

Yang-Server 1 HHblits, MMseqs2, Jackhmmer Uniclust30, UniRef30, BFD, ColabFoldDB, manual
UM-TBM 2 DeepMSA, LOMETS BFD, IMG/M, Metaclust, MetaSource, Uniclust30,

UniRef90, Tara
Manifold-E 3 HHblits, hmmsearch, Jackhmmer BFD, Uniprot, UniRef30, UniRef90
DFolding 4 CRFalign, Jackhmmer, HHblits,

HHpred, Kalign
BFD, Uniclust30, UniRef90, MGnify

MULTICOM 5–7, 9 DeepMSA (modified), Foldseek,
HHblits, Jackhmmer,
MMseqs2

BFD, ColabFoldDB, IMG/M, MGnify, Uniclust30,
UniRef90, Uniprot

RaptorX 8 HHblits, Jackhmmer BFD, SMAG+MetaEuk +TOPAZ+MGV+GPD+
IMG/M (in-house HHblits DB), MGnify, Uniclust30,
UniRef90

MultiFOLD 10 MMseqs2, UniRef30 ColabFoldDB
ColabFold 11 MMseqs2 ColabFoldDB, UniRef30

aThe information about the servers was extracted from the CASP15 abstract book.
bThe rank refers to the “server only” performance on protein targets, excluding the TBM-easy category.
cA detailed overview of the reference sequence DBs is provided in Table 2.
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et al. 2022). Recently, Serratus, a cloud-based
pipeline for high-throughput homology search
of the whole SRA, was introduced by Edgar et al.
(2022). It allows searching through one million
SRA read sets for about $5000 ($0.005 per set).
Here, we constructed MSAs based on Serratus-
mined homologs of the CASP15 targets and
merged them with the default MSAs produced
byCF-search. In the second axis of this study, we
further enhanced themergedMSAsbysearching
for distant homologs of their sequences using
HHblits against the BFD. The third axis con-
cerns tuning the advanced parameters of Colab-
Fold to control the use of templates and multi-
mermodels and the numberof recycles.We then
provided MSAs produced by each of these strat-
egies as input to CF-predict and compared the
resulting prediction accuracy to that measured
with default CF-search MSAs as well as to the
leadingCASP15 servers. For fair comparison, we
ensured all databases used in this study excluded
any sequences deposited after the start of
CASP15 competition (May 2022).

Our results show that adding SRA-mined
homologs improves prediction accuracy for
61% of the examined targets. Tuning advanced
features of CF-predict, especially adding more
recycles, also contributed to better prediction.
By combining the different strategies, Colab-
Fold’s CASP15 ranking among servers on non-
easy template targets increased from 11th to 3rd
place, indicating the vast potential of large-scale
sequence exploration for better structure pre-
diction.

HOMOLOG SEARCH AND MSA
CONSTRUCTION

The entry point to this study was a list of 126
targets provided by CASP15. We excluded
from this list all targets, which were RNA, het-
eromers, canceled by CASP, or indicated as aux-
iliary structure for ligand prediction, leaving 77
targets. Each of these targets had one or more
domains, which are divided into categories by
CASP as follows: FM, FM/TBM, TBM-hard,
and TBM-easy. We used CF-search to query
the targets against ColabFoldDB (Fig. 1①), re-
sulting in 77 MSAs, denoted here as cfdbMSAs.

Thousand Times Broader Search

Our next goal was to expand the search beyond
ColabFoldDB and explore the SRA. With its 37
petabase pairs of publicly available data, the SRA
is orders ofmagnitude bigger than any previous-
ly usedmetagenomic resource, including Colab-
FoldDB (Table 2). We queried the 77 CASP15
targets using Serratus. By using search terms,
such as virome, metagenome, and eukaryotes,
we set the Serratus search space to cover more
than half of the publicly available SRA, compris-
ing 22 petabase pairs, organized in over five
million SRA runs. In each run, reads that
aligned to the CASP15 protein sequence queries
were assembled using rnaviralSpades (Meleshko
et al. 2021), mounting to over a hundred giga-
bytes of assembled data. EachCASP15 targetwas
thenqueried against a reference protein database
created from its Serratus-produced assembled
proteins usingMMseqs2 (Steinegger and Söding
2017). The identified homologs were then
aligned by MMseqs2 to create an MSA (Fig. 1②),
denoted as sra MSA. As a first indication of the
tremendous capacity of the SRA, we found that
more than half of the targets, which were com-
posed solely of easy template targets (TBM-easy)
domains, could bematched with at least 1,000,000
homologs, some even exceeding 100,000,000 (Fig.
2A). Processing MSAs with millions of sequences
poses a heavy computational burden. Thus, we
opted to exclude from this study targets that
only contained TBM-easy domains, focusing on
the remaining 46 targets, which had 62 non-
TBM-easy domains: 39 FM, 8 FM/TBM, and 15
TBM-hard. On average, the number of homologs
detected per domain doubled from 106,586 in the
CFDB to 274,231 when including the SRA results
(Fig. 2A).

Diving Deeper

Serratus’ ability to scan the SRA in feasible time
comes at the expense of its sensitivity to detect
remote homologs. Specifically, it is limited in its
ability to detect sequences with less than 50%
identity to the query (Edgar et al. 2022). This
prompted us to search deeply for remote homo-
logs. To that end, we merged for each target its
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cfdb and sra MSAs (Fig. 1③), resulting in an
sra_cfdb MSA. We then ran HHblits with each
sra_cfdb MSA as input against UniRef30 and
BFD (Fig. 1④), setting parameters to include all
sequences in theoutputwithout anyfiltering and
ensure maximum sensitivity (for a full parame-
ter description, see Supplemental information in
Jumper et al. 2021). The resulting MSAs, denot-
ed as hh_sra_cfdb MSAs, contained the input
sequences as well as the homologs detected by
HHblits.

To filter each input MSA based on the se-
quence identity (seqid) between itsmembers and
the query, we utilized a newly introduced filter
module called filtera3m in MMseqs2, which
implements ColabFold’s MSA filtering strategy.
We removed unlikely homologs (seqid < 0.2),
noninformative homologs (seqid > 0.95) and re-
dundant sequences, keeping the most diverse
and informative set of sequences in the MSA.

The filtered cfdbMSAs had on average 2395
sequences, sra_cfdbMSAs-5731andhh_sra_cfdb
MSAs-8133.We usedHHmake (Steinegger et al.
2019a) to compute the number of effective se-
quences (Neff ), where higher values indicate less
similarity between the sequences and more di-
verseMSAs. Here, amoremoderate increasewas
observed with the averageNeff score, rising from
4.87 for cfdbMSA to 5.43 for sra_cfdbMSA and
to 7.26 for hh_sra_cfdbMSA (Fig. 2B).

THE EFFECT OF HOMOLOGS ON
STRUCTURE PREDICTION

To measure the effect of the various homolog
collection strategies on structure prediction, we
provided CF-predict with different input MSAs.
These included the sra_cfdb and hh_sra_cfdb
MSAs as well as their controls, which did not
include Serratus-detected homologs from the
SRA: cfdb and hh_cfdb MSAs. The hh_cfdb
MSAs were produced in a similar manner to
hh_sra_cfdb MSAs, using cfdb MSAs, rather
than sra_cfdbMSAs, as the input to HHblits.

For each strategy, five protein models were
produced and the best one was selected accord-
ing to its computed predicted local distance dif-
ference test (pLDDT) score (Jumper et al. 2021).
For the selected models, we measured the do-

main level accuracy, using the GDT_TS score
(Zemla 2003). Compared to using cfdb MSAs,
sra_cfdbMSAs significantly improved GDT_TS
scores (Table 3), increasing scores for 38 out of
62 domains (Fig. 2C). On the other hand, using
hh_sra_cfdb MSAs did not lead to a significant
improvement over sra_cfdbMSAs (Table 3) and
is therefore omitted from the figure.

We further examined the relative perfor-
mance of each strategy compared to other
CASP15 servers using Z-scores, as follows. For
each strategy, we deducted from its GDT_TS
scores the mean servers’ GDT_TS score and di-
vided it by the servers’ standard deviation. The
sum of nonnegative Z-scores and the average
GDT_TS of all evaluated target domains were
used as representative scores for each strategy
(Table 3). As expected, the addition of sra to
cfdb MSAs substantially improved the perfor-
mance, increasing the sum of Z-scores from
17.09 to 30.30 (Table 3). On average, no signifi-
cant improvement was observed when adding
HHblits-detected homologs (Table 3). However,
specific domains gained a substantial improve-
ment by including these homologs, indicating a
variable effect for each target. A notable example
with thehighest improvement istargetT1178-D1,
where running HHblits increased GDT_TS from
28.61 for sra_cfdb to 84.17 forhh_sra_cfdbMSAs.

TUNING PARAMETERS

In addition to homolog collection strategies, we
examined the impact of three advanced features
of CF-predict: using templates, multimer mod-
els, and increasing the number of recycles. The
strategies corresponding to these features were
built on the MSAs constructed in previous steps
and are denoted sra_cfdb_temp, sra_cfdb_recyc,
and sra_cfdb_mult and their control sra_cfdb.
Other strategies, taken by the leading CASP15
servers, are detailed in Table 4.

Leveraging Templates

Two out of the five AlphaFold2 models require
structural features as input. Setting the “tem-
plates” parameter (Fig. 1⑤) changes the default
behavior of CF-predict from using mock tem-
plates to querying the PDB70 (Steinegger et al.

Petabase-Scale Homology Search for Structure Prediction
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2019a) using the UniRef30-based constructed
profile as input and returning hits, which are
later aligned by HHsearch.

Adding templates did not improve the
accuracy compared to using default parameters
(Table 3). However, it should be noted that our
examined targets are FM, FM/TBM, and TBM-
hard, which are classified as difficult targets to
find templates for. Applying templates to TBM-
easy targets might have different effects on pre-
diction performance.

Multimer Modeling

We also tested the impact of using ColabFold’s
“multimer” option (Fig. 1⑥). This changes the
default behavior of CF-predict from treating the
input query sequence as a monomer to consid-

ering it to be a part of a complex. This has the
potential of stabilizing the structure, thereby im-
proving prediction accuracy. We applied multi-
mer modeling only for the homo-oligomer tar-
gets, based on the stoichiometry provided by
CASP and used the multimer model weights
from AlphaFold-multimer version 2 (Evans
et al. 2022).

Using multimer modeling had a diverse
range of effects. Overall, it did not make a sig-
nificant improvement over sra_cfdb MSAs
(Table 3). However, it drastically increased or
decreased prediction performance for certain
targets. Two notable examples stand out:
T1178-D1 achieved the highest improvement,
with its GDT_TS score soaring from 28.61 to
61.02 after incorporating multimer modeling.
Conversely, the GDT_TS score of target

Figure 2. Effect of ColabFold parameters on structure prediction accuracy. (A) Comparison of homology search of
109 domains of 77 CASP15 targets. Each mark denotes the number of hits found for each target domain using
either CF-search against CFDB (triangle) orMMseqs2 against SRA-mined and assembled proteins (circle) before
the MSA filtering step. (B) Neff scores of the different MSAs computed for each domain. The multiple sequence
alignment (MSA) with the most homologs and the highestNeff is indicated with a filled mark in panels A and B,
respectively. (C) Structure prediction of 62 target domains in the categories: FM, FM/TBM, and TBM-hard was
evaluated based on GDT_TS scores of three prediction strategies: cfdbMSA, sra_cfdbMSA, and sra_cfdb_recyc.
The best-scoring strategy for each target domain is indicated with filled marks. (D) Prediction performance
comparison between server groups in CASP15. The x-axis refers to the Sum Z (>0.0) in Table 3. The score of
this study is from theModel1 in Table 3. Here, ColabFold refers to the performance of the server group submitted
in CASP15.

Table 3. Effects of different strategies on protein structure prediction performance

CFDB SRA HHblits Templates Multimer 12 recycles GDT_TSb Sum Z (>0.0)c

✓ 65.80 ± 25.58 17.09
✓ ✓ 67.36 ± 25.15 15.82
✓ ✓ 68.12 ± 25.25d 17.69
✓ ✓ 70.97 ± 24.40e 30.30
✓ ✓ ✓ 71.44 ± 23.30f 26.32
✓ ✓ ✓ 70.94 ± 23.99 31.60
✓ ✓ ✓ 70.98 ± 24.12 30.97
✓ ✓ ✓ 75.54 ± 22.17g 40.59
Model1a 77.85 ± 20.59 50.31

aModel1 is the set of predicted-best strategies among all examined strategies, chosen based on pLDDT for each target domain.
bGDT_TS scores are represented as mean± standard deviation.
cZ-scores are calculated fromeach target domain’sGDT_TS, basedon the server groups’mean and standarddeviation. SumZ

(>0.0) refers to the sum of positive Z-scores. All strategies were compared to their controls using theWilcoxon signed-rank test.
No significant improvement (P > 0.05) was found except for those in footnotes d–g.

dsra_cfdb_recyc over cfdb_recycMSAs (P= 0.0107); cfdb_recyc over cfdbMSAs (P= 0.0272).
esra_cfdb over cfdbMSAs (P= 0.0116).
fhh_sra_cfdb over hh_cfdbMSAs (P = 0.0126).
gsra_cfdb_recyc over sra_cfdbMSAs (P= 0.0003).
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T1174-D1 experienced the largest decrease,
dropping from 81.48 to 59.84.

Adding More Recycles

Through the “recycle” parameter (Fig. 1⑦,⑧),
CF-predict allows setting the number of itera-
tions in which a prediction will be re-fed to the
AlphaFold2 models. By default, this value is set
to 3, but additional recycles have the potential to
improve prediction accuracy (Mirdita et al.
2022). Thus, when exploring this option, we set
it to 12. The recently released version 3 ofAlpha-
Fold-multimer (Evans et al. 2022) uses up to 20
recycle iterations, with early stopping if a model
has already converged.

Increasing recycles significantly improved
the prediction accuracy compared to the control
sra_cfdb with default parameters (Table 3). As
depicted in Figure 2C, sra_cfdb_recyc MSAs
scored higher than cfdb MSAs and sra_cfdb
MSAs in 34 domains and achieved high accuracy
(GDT_TS > 70) in 72% of the 62 domains. To
further examine this effect, wemeasured the per-
formance of another strategy, cfdb_recycMSAs,
which does not include SRA-mined homologs,
serving as another control to sra_cfdb_recyc
MSAs. We found significant improvements in
prediction accuracy both when comparing
cfdb_recyc MSAs to cfdb MSAs and when com-
paring sra_cfdb_recycMSAs to cfdb_recycMSAs
(Table 3), suggesting that both SRA homologs
and the additional recycles contribute to the im-
proved performance and that the SRA contrib-
utes most.

STRATEGY SELECTION AND COMPARISON
WITH CASP15 SERVERS

Finally, among the eight examined strategies, we
selected theonewith thehighest pLDDTforeach
target domain, denoted here asModel1.We then
compared the performance of Model1 with the
leading server groups in CASP15, including the
originalColabFold server,which is similar to this
study’s cfdbMSAs (Fig. 2D). Model1 resulted in
an average GDT_TS of 77.85 and sum of
Z-scores of 50.31, increasing 12.05 and 33.22
units from the baseline cfdbMSAs, respectively.
Notably, 49 out of 62 domains (79%) of Model1

achieved high accuracy scores (GDT_TS > 70),
compared to 52% of the cfdbMSAs.When com-
paring with other server groups based on the
sum of Z-scores, Model1 would have ranked
third, outperforming the ColabFold original
server, which ranked 11th in CASP15 among
server-only groups on non-easy targets.

To examine the validity of using pLDDT as
selection criterion, we compared for each do-
main theGDT_TS score ofModel1 and thehigh-
est GDT_TS score (Model_best), across all strat-
egies. In case of perfect agreement between
pLDDT and GDT_TS, these values should be
equal. However, we observed a disagreement
for 18 out of 62 target domains, resulting in an
increase in Model_best with the average
GDT_TS reaching 78.26 and the sumofZ-scores
reaching 52.84. This disparity between pLDDT
and GDT_TS highlights the challenge in select-
ing the best model. For instance, choosing the
strategy with the highest pLDDT for target
T1125-D3 yielded a GDT_TS score of 31.52
(sra_cfdb_recyc MSA), while the actual best
GDT_TS score was 61.52 (cfdb_hhMSA).

To address this discrepancy, there were at-
tempts to use alternative model selection (rank-
ing) methods in CASP15, instead of relying
solely on pLDDT (Table 4). For instance, the
MULTICOM servers (Liu et al. 2023) utilized
APOLLO (Wang et al. 2011), DeepRank (Re-
naud et al. 2021), and EnQA (Chen et al.
2023a) for ranking models, and MultiFOLD
(McGuffin et al. 2023) employed ModFOLD-
dockR (Edmunds et al. 2023) for both scoring
and ranking purposes. Further developments of
ranking methods are needed to improve the ac-
curacy and reliability of model selection for
structure prediction.

CONCLUDING REMARKS

In this study, we have shown the importance of a
comprehensive inclusion of metagenomic se-
quences from the SRA for improving protein
structure prediction. These results accentuate
protein structure prediction as a data-driven dis-
cipline, gaining from countless communal con-
tributions to databases, such as the SRA and the
PDB.

Petabase-Scale Homology Search for Structure Prediction
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Our results highlight the large variation in
the number of homologs found for different tar-
gets. For example, over 100million environmen-
tal homologs were found for T1137s7, T1195,
T1196, and T1197—the same order of magni-
tude as the entire UniProt database. However,
there are some targets for which few matches
were detected, possibly due to the limited sensi-
tivity of the mining procedure.

Serratus, the tool used for mining the SRA
has impressive capabilities, but also significant
constraints. It is limited to detecting homologs,
which have about 50% sequence identity to the
query, missing the full potential of homologs
from the twilight zone (Rost 1999). Fast and
more sensitive searchmethods are thus required
to further improve our ability to exploit the
SRA. Additionally, using Serratus in a similar
manner to this study is likely to cost thousands
of dollars (Edgar et al. 2022) and this cost could
become limiting with the expected continued
exponential growth of the SRA. Current scalable
search methods (Bingmann et al. 2019; Bradley
et al. 2019; Camacho et al. 2023; Shiryev and
Agarwala 2023) face a challenging trade-off be-
tween howmuch they cost and how informative
they are. Due to this trade-off, they either only
indicate the presence or absence of a specific
sequence fragment in an SRA experiment at a
low cost or return full alignments at a high
cost. Therefore, it is critical to develop new ho-
mology search methods that scale to the size of
the SRA through efficient compression and in-
dexing. We see this as having the highest poten-
tial to further improve structure prediction in
the AF2 era and call upon the community to
tackle this challenge of making the SRA search-
able, alignable, accessible, and affordable for
everyone.

We further investigated the impact of ad-
vanced CF-predict features on structure predic-
tion performance. While adding more recycles
led to improvement, usingmultimermodels and
templates did not contribute significantly.
Nonetheless, each feature may have varying ef-
fects on different targets, as demonstrated by
somenotable examples. Thus, it is highly recom-
mended to experiment with different combina-
tions of these features to optimize performance.

In conclusion, while limitations persist, ad-
vancements in metagenomic data mining tools,
coupled with a blend of automated and human-
guided predictions, promise exciting prospects
for the future. Further, the results of this research
underline the necessity for diversification in
methodologies used in protein structure predic-
tion. Finally, the disparity in MSA coverage
among different targets stresses the importance
of individual target evaluation and tailored ap-
proaches. As the field continues to evolve, we
anticipate these findings to contribute to the on-
goingquest foraccurate protein structure predic-
tion.
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