
Nucleic Acids Research , 2024, 52 , D360–D367 
https://doi.org/10.1093/nar/gkad942 
Advance access publication date: 28 October 2023 
Database issue 

A3D Model Organism Database (A3D-MODB): a database 

f or prot eome aggreg ation predictions in model org anisms 

Aleksandr a E. Badacz ewska-Da wid 

1 , Aleksander Kuriata 

2 , Car los Pintado-Gr ima 

3 , 

J a vier Gar cia-Par do 

3 , Mic hał Bur dukiewicz 

3 , 4 , Valentín Iglesias 

3 , * , Sebastian Kmiecik 

2 , * 

and Salvador Ventura 

3 , * 

1 Genome Informatics Facility, Office of Biotechnology, Iowa State University, Ames 50011 IA, USA 

2 Biological and Chemical Research Center, Faculty of Chemistry, University of Warsaw, Pasteura 1, 02-093 Warsaw, Poland 
3 Institut de Biotecnologia i de Biomedicina (IBB) and Departament de Bioquímica i Biologia Molecular, Universitat Autònoma de Barcelona, 
08193 Bellaterra, Barcelona, Spain 
4 Clinical Research Centre, Medical University of Białystok, Kili ́nskiego 1, 15-369, Białystok, Poland 
* To whom correspondence should be addressed. Tel: +34 93 586 8956; Fax: +34 93 581 2011; Email: salvador.ventura@uab.es 
Correspondence may also be addressed to Sebastian Kmiecik. Tel: +48 22 8220211 (Ext 310); Fax: +48 22 8220211 (Ext 320); Email: sekmi@chem.uw.edu.pl 
Correspondence may also be addressed to Valentín Iglesias. Tel: +34 93 581 2154; Fax: +34 93 581 2011; Email: valentin.iglesias@uab.cat 

Abstract 

Protein aggregation has been associated with aging and different pathologies and represents a bot tlenec k in the industrial production of biother- 
apeutics. Numerous past studies performed in Esc heric hia coli and other model organisms have allowed to dissect the biophysical principles 
underlying this process. This knowledge fuelled the development of computational tools, such as Aggrescan 3D (A3D) to forecast and re-design 
protein aggregation. Here, we present the A3D Model Organism Database (A3D-MODB) ht tp://biocomp.c hem.uw.edu.pl/ A3D2/ MODB , a com- 
prehensiv e resource f or the st udy of str uct ural protein aggregation in the proteomes of 12 k e y model species spanning distant biological clades. 
In addition to A3D predictions, this resource incorporates information useful for contextualizing protein aggregation, including membrane protein 
topology and str uct ural model confidence, as an indirect reporter of protein disorder. The database is openly accessible without any need for 
registration. We f oresee A3D-MOBD e v olving into a central hub f or conducting comprehensiv e, multi-species analy ses of protein aggregation, 
fostering the development of protein-based solutions for medical, biotechnological, agricultural and industrial applications. 
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Introduction 

Protein aggregation has moved from an anecdotal laboratory
phenomenon to its recognition as a key contributing factor in
various chronic disorders ( 1 ). Moreover, protein aggregation
is a common industrial bottleneck for the production, purifi-
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obust knowledge of its underlying mechanisms and has
purred the development of computational algorithms capa-
le of predicting protein aggregation in silico ( 9 ). 
Computational tools designed to study protein aggrega-

ion had remarkable success in anticipating aggregation-prone
egions (APRs) in intrinsically disordered proteins (IDPs),
here aggregation is intricately tied to their sequence ( 9 ).
owever, for native globular proteins, these methods pre-

ented two primary limitations, as they (i) often overpredict
he contribution of collapsed hydrophobic regions that are
ot exposed to solvents or transmembrane stretches, both of
hich have minimal impact on protein aggregation in native

tates / environments and (ii) base their predictions in sequen-
ial contiguity, overlooking the effects of residues that are spa-
ially close, but sequentially remote. In response to these chal-
enges, prediction methods that use the spatial information to
dentify structural aggregation-prone regions (STAPs) in pro-
eins were introduced ( 10–13 ). In 2015, we developed Aggres-
an 3D (A3D) ( 11 ) by spatially correcting the in vivo -derived
ggrescan aggregation propensity scale to focus on solvent-
ccessible residues ( 14 ,15 ). A3D features i) a dynamic mode
o capture protein flexibility fluctuations using coarse-grained

D-simulations from CABS-Flex ( 16–18 ), ii) stability evalu-
tions using the FoldX force field ( 19 ), (iii) a RESTful mode
hich allows programmatic access intended for large studies

nd iv) an automated tool to facilitate protein engineering for
ncreased solubility, preserving or improving thermodynamic
tability. A3D has allowed the redesign of more soluble and
table variants of protein chromophores ( 20 ), enzymes ( 21 )
s well as human antibodies ( 20 ). However, the limited avail-
bility of experimental protein structures constrained the po-
ential applications of A3D. 

The recent AlphaFold revolution ( 22 ,23 ) and subsequent
elease of the AlphaFold database ( 24 ) have facilitated ac-
ess to highly accurate computed protein structures on a pro-
eomic scale. Leveraging these data, we previously performed
roteome-wide aggregation analysis for the entire human and
east structuromes, providing a wealth of practical examples
nd releasing a repository of our findings ( 25 ,26 ). These re-
ources represented a first step towards studying protein ag-
regation in large structural datasets. Moreover, these pre-
omputed A3D calculations allowed diminishing the carbon
ootprint associated with redundant individual computational
ueries ( 27 ). 
Herein, we constructed the A3D Database for Model
rganisms (A3D-MODB) ( http://biocomp.chem.uw.edu.pl/
3D2/MODB ). This database encompasses over 500 000

tructural predictions for over 160 000 proteins cov-
ring 12 model species including Arabidopsis thaliana,
aenorhabditis elegans, Danio rerio, Escherichia coli, My-
oplasma genitalium, Mus musculus, Saccharomyces cere-
isiae, Sc hizosacc haromyces pombe, Homo sapiens, Rattus
orv egicus, Drosophila melanog aster and S AR S-CoV-2. Be-
ides providing A3D results on solubility and stability, the
3D-MODB incorporates an additional wealth of infor-
ation on membrane proteins’ topology by incorporating
OPCONS ( 28 ) and the per-residue model confidence met-
ic (pLDDT) provided by AlphaFold. Moreover, each A3D-

ODB entry has been linked to UniProt Protein Knowl-
dgebase (UniProt KB) ( 29 ) and organism-specific gold stan-
ard databases such as the Human Protein Atlas, EchoBASE,
GD , SGD , Wormbase, FlyBase, RGD, TAIR, ZFIN, Pom-

ase, WholeCellKB-MG ( 30–39 ). To our knowledge, A3D-
MODB represents the most comprehensive resource available
for structure-based aggregation predictions and is designed to
significantly advance protein aggregation research at the pro-
teomic level. 

Materials and methods 

Species selection and data collection 

The model organisms included in the present study were se-
lected based on the frequency of the predictions submitted
to A3D (identifiable by UniProt Accession numbers (UniProt
Acc.)) since the release of AlphaFold database, while ensur-
ing inclusion of representatives from distant clades. All avail-
able protein models for each species (Figure 1 and Supplemen-
tary Table S1) were downloaded from the AlphaFold database
(5 June 2023; structural model version v4), and previously ex-
isting resources for human and yeast were updated to the lat-
est available models (5 June 2023; structural model version
v4). AlphaFold database models cover most of each species’
proteome except for proteins shorter than 16 or longer than
2700 residues. For human proteins longer than 2700 residues,
the AlphaFold database provides overlapping fragments that
can be traced in A3D-MODB. S AR S-CoV-2 models were not
available in the AlphaFold database. To ensure consistent re-
sults across all species, we employed the AlphaFold2 tool
(alphafold / 2.3.1 standalone) to predict the complete S AR S-
CoV-2 protein sequences. We then used the relaxed structure
of the highest-ranked AlphaFold prediction for the subsequent
analysis. 

A3D analysis 

Structural aggregation predictions were performed with the
latest implementations of A3D (A3D 2.0) ( 40 ,41 ) in static
mode with default settings: distance of aggregation of 10Å and
FoldX force field energy minimization preceding the analysis
( 19 ). Custom analyses ‘c50’ and ‘c70’ were run for all pre-
dicted structures with defined AlphaFold pLDDT cutoffs of 50
and 70, respectively, to focus the study on globular domains.
In these cases, all the residues with pLDDT ≤ 50 (indicating
very low confidence and likely disorder) or ≤ 70 (indicating
low model confidence) were removed before performing the
A3D predictions. 

Database construction 

The A3D Model Organism online database’s user inter-
face was created using HTML and enhanced with custom
JavaScript functions for increased interactivity. The websites
visual design combines standard Bootstrap components with
custom CSS styles. The website is hosted on an Apache2 web
server, which uses MySQL integration for data storage, re-
trieval and querying of pre-calculated A3D entries for each
organism. Interactive plots are dynamically created using the
D3.js library, while molecular visualization is handled by the
PyMOL tool ( 42 ). The Python library Bokeh is used for inter-
active data visualizations. A3D-MODB entries are seamlessly
integrated with the A3D 2.0 server, allowing users direct sub-
mission of custom mutation analysis. 

Transmembrane proteins domain topologies 

A3D-MODB incorporates prediction of transmembrane
regions for membrane proteins annotated as trans- or

http://biocomp.chem.uw.edu.pl/A3D2/MODB
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Figure 1. A3D-MODB construction pipeline. AlphaFold version 4 structures were obtained from AlphaFold database ( 24 ) for all organisms except 
SAR S-CoV-2 f or which AlphaFold2 standalone tool ( 22 ) was used to predict the complete SAR S-CoV-2 protein sequences. P rotein str uct ural models were 
ne xt link ed to their entries on organism-specific gold st andard dat abases: the Human Protein Atlas, EchoB A SE, MGD , SGD , Wormbase, FlyB ase, R GD, 
TAIR, ZFIN, PomBase, WholeCellKB-MG ( 30–38 ). UniProt Protein Knowledgebase ( 29 ) annotated membrane proteins were subject to topological 
prediction applying TOPCONS consensus algorithm ( 28 ) which integrates output from OCTOPUS ( 43 ), Philius ( 44 ), Polyphobius ( 45 ), SCAMPI ( 46 ) and 
SPOCTOPUS ( 47 ) predictive approaches. Protein models were energetically minimized using FoldX force field ( 19 ) before running the aggregation 
prediction on the latest version of A3D ( 40 , 41 ) for the whole protein and based on AlphaFold’s pLDDT information, on the ‘c50’ and ‘c70’ models. 
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intra- membrane in UniProt KB using the TOPCONS consen-
sus algorithm ( 28 ) and lists predicted topologies from OCTO-
PUS ( 43 ), Philius ( 44 ), Polyphobius ( 45 ), SCAMPI ( 46 ) and
SPOCTOPUS ( 47 ) bioinformatics tools. 

Case study 

Receptor identities were obtained from the original publica-
tion where available ( 48 ). Non-reported orthologs were ob-
tained by BLASTing UniProt accession against the reference
proteome in UniProt KB. All blast-obtained proteins corre-
spond to Swiss-Prot entries. Human protein α-helices medi-
ating dimerization for SR1 and CTE-binding for SR2 were
sourced from Tanenbaum’s study ( 49 ). The corresponding
structural motifs were mapped in orthologues by first per-
forming a sequence alignment against human receptors in the
UniProt KB and then manually curating helix stretches. Struc-
tural alignments were performed with Pymol. 

Results 

Data content 

A3D Model Organism Database includes over 160 000 indi-
vidual entries for 12 organisms covering distant clades and
selected for their actual or potential relevance in protein ag-
gregation studies. The inclusion of custom jobs ‘c50’ and
‘c70’ increases the precalculated A3D jobs available in the
A3D-MODB to over 500 000. The database provides differ-
ent integrated tools to facilitate studying how aggregation has
moulded individual protein evolution or constrained the func-
tionalities and structures of different protein families. 

A3D-MODB features 

Understanding structural aggregation 

A3D provides rapid and detailed protein aggregation
propensity predictions by transferring Aggrescan’s E. coli
in vivo derived scale ( 14 ,15 ) into the spatial information 

of experimentally-determined protein structures (reviewed in 

( 50 ,51 )). Switching from the primary sequence to the atomic 
3D coordinates allows A3D to detect structural aggregation 

prone regions (STAPs) even when residues are not contigu- 
ous in sequence and to exclude solvent-protected hydropho- 
bic regions that make a negligible contribution to the aggre- 
gation process ( 50 ,51 ). The web server includes additional 
features for rationalizing and re-engineering protein solubil- 
ity through a user-friendly graphical interface or program- 
matic access through its REST API. Computed structural mod- 
els require a more meticulous analysis as they might include 
intrinsically disordered regions (IDRs), stretches which are 
flexible and therefore mostly absent from crystal structures.
IDRs occupy space almost randomly, and this dynamic na- 
ture is not represented in AlphaFold models as it depicts a sin- 
gle static frame of the conformational ensembles. Employing 
these models without accounting for this aspect could skew 

the prediction outcome, which became evident after manu- 
ally curating 100 models from the human proteome ( 25 ).
To mitigate this impact, A3D-MODB incorporates pre-run 

custom jobs ‘c50’ for residues with model confidence scores 
‘pLDDT’ > 50 and ‘c70’ for those with pLDDT > 70, focus- 
ing on the protein globular domains and leaving IDRs aside.
Moreover, the platform allows users to set their preferred 

model confidence threshold and perform the prediction on top 

of the resulting protein regions. 

Estimating mutational impact on protein stability 
Mutations that result in thermodynamically unfavourable 
variants usually provoke non-functional, non-expressed or 
short-lived polypeptides ( 20 ) which can lead to pathologi- 
cal conditions ( 1 ). A3D-MODB incorporates the FoldX force 
field to i) minimize the energetic state of the initial protein 

model by repairing bad torsion angles or Van der Waals’ 
clashes before the aggregation prediction and ii) evaluate 
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nergetic variation upon user-designed mutations, which can
e easily run through the ‘Custom jobs’ tab. 

embrane protein characterisation 

3D-MODB identifies proteins annotated in UniProt KB
s membranous and performs topological predictions using
OPCONS consensus tool ( 28 ) along with the individual re-
ults from OCTOPUS ( 43 ), Philius ( 44 ), Polyphobius ( 45 ),
CAMPI ( 46 ) and SPOCTOPUS ( 47 ). 

rogrammatic access 
3D Model Organism Database includes the RESTful appli-
ation program interface (API) already present in A3D. It al-
ows 60 different queries per second per IP address and re-
rieves results in a machine-interpretable JSON file. Example
sage in Bash and Python programming language are pro-
ided in the ‘Tutorial’ and described elsewhere ( 51 ). Program-
atic access is most suitable for large-scale projects where

etrieving results case-by-case would be tedious and time-
onsuming. Its application in a resource such as A3D-MODB
s intended to aid complete proteome analyses or extensive
volutionary studies. 

sage of A3D-MODB 

he A3D-MODB main page presents an upper panel which
inks to the latest version of A3D web server, its queue and a
edirection to the database home screen. On the right margin,
lickable links direct users to the ‘About’ section which holds
ocumentation on the database usage, the A3D method and
 brief explanatory video. ‘Cite’ redirects to a repository with
elated publications and ‘Download’ links a page with pre-
omputed comma-separated (CSV) files for each species, con-
aining job ids for all processed UniProt Accession numbers
UniProt Acc.). In the central part, clickable links to model
rganism-specific databases are shown. 

earching the databases 
ach species home page conserves the aforementioned gen-
ral options and provides a per-organism search bar. A3D-

ODB accepts UniProt Acc., gene or protein name along with
rganism-specific identifiers as query ID. Five example queries
re provided below the search bar. Search results are retrieved
s a list of records matching different query categories. Click-
ng the desired identifier will redirect users to the individual
ntry record. 

ndividual entry record 

3D-MODB organizes the results and features for each record
n specific tabs: 

• ‘Project details’ contains fundamental information about
the entry and link to the external resources: it’s UniProt
Acc., Gene identifiers, protein name, taxonomy and link
to organism-specific database and if available, deposited
experimental structures in PDB. Moreover, it includes de-
tails regarding the processed structure: the region con-
sidered, its sequence and the distance of analysis. Cus-
tom jobs with pLDDT > 50 or > 70 display the criteria-
meeting sequence only, and for greater clarity will dis-
play a text reminding users it is not the full protein and
provide a link to the full protein job. 

• ‘Aggrescan3D plot’ portrays two per-residue interactive
plots depicting (i) the A3D score distribution in which
values above 0 are predicted to contribute towards pro-
tein aggregation and lower scores minimizing it and (ii)
the Alphafold reported pLDDT along the sequence, a
measure highly correlated with protein order / disorder
( 52 ). Plots can be locally saved in PNG format. 

• ‘Aggrescan3D score’ reports the A3D and pLDDT values
for each residue. Yellow masked rows correspond to ag-
gregation contributing amino acids. On the uppermost
part the database outlines descriptors useful to compare
different proteins or protein variants: the protein mini-
mal, maximal, average and total scores. The table can be
downloaded in CSV format. 

• ‘Structure’ shows visualization of the protein structure
coloured by A3D and pLDDTs scores. A3D Model Or-
ganism allows tagging residues and taking snapshots
which will be saved under the ‘Gallery’ tab. Protein struc-
tures in PDB format can be downloaded with A3D score
in B-factor position. 

• ‘Transmembrane regions’ which is displayed only for
proteins annotated as membrane in UniProt KB. TOP-
CONS consensus as well as five different topological pre-
dictions (see Materials and methods) are provided in the
upper plot. Furthermore, a second representation shows
the consensus prediction reliability along the sequence.
Topological prediction results can be saved as a TXT file
and both plots as PNG figures. 

• ‘Custom jobs’ lists user-derived analyses for each entry
along with pre-computed ‘c50’ and ‘c70’ for which low-
confidence regions were eliminated from the predictions
using a > 50 and > 70 pLDDT score cutoff respectively.
Of note, jobs run from ‘Custom jobs’ will be publicly
listed, allowing other users to access and utilize them. 

• ‘Gallery’ for which user-generated snapshots from
‘Structure’ can be saved as JPEG files. 

Case study—evolutionary solutions to confront 
deleterious protein aggregation 

It is assumed that the propensity to misfold towards β-sheet
enriched, aggregated assemblies constitutes a common char-
acteristic of proteins. Aggregation has therefore exerted evo-
lutionary pressure on organisms’ proteins, conditioning hy-
drophobic residues’ spatial distribution ( 53–55 ), folding ve-
locity ( 55 ,56 ), expression levels ( 55 ,57 ,58 ), length ( 55 ,58–59 ),
quaternary structure stability ( 55 , 58 , 60 ) or the incorporation
of solubilizing regions ( 55 ,61 ). A nice example is illustrated in
the recent reconstruction of the evolutionary history of steroid
hormone receptors (SR) by Thornton and collaborators ( 48 ).
They demonstrated that the ancestral estrogen-receptor ex-
posed a hydrophobic patch which compromised protein sta-
bility and facilitated aggregation. The receptor formed dimers
as a way to allocate this STAP in the water-excluding inter-
face, albeit no benefit was derived from this assembly in terms
of protein activity. A gene duplication event led to the emer-
gence of modern SR variants: the SR1 lineage which retained
dimerization, and the SR2s which incorporated a C-terminal
extension (CTE) that binds the exposed STAP therefore ensur-
ing that the monomeric protein remains functional, stable and
soluble (Figure 2 ). By integrating human, mouse, rat and ze-
brafish proteomes, A3D-MODB is able to recapitulate this lin-
eage’s fate. Figure 2 shows A3D-MODB predictions for SR1-
estrogen receptors and SR2-progesterone receptors. SRs are
large proteins with a high degree of protein disorder, which
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Figure 2. A3D-MODB reconstruction of the e v olutionary solutions to confront exposed structural aggregation-prone regions (STAPs) in steroid hormone 
receptors of humans, mouse, rat and zebrafish. ( A ) Str uct ural alignment for human, mouse, rat and zebrafish estrogen receptors (SR1) coloured yellow, 
cyan, blue and magenta respectively. For clarity purposes highly flexible stretches with pLDDT ≤ 70 were removed (c70) albeit the semi-transparent 
surface of human full protein is shown. ( B ) Dimerization helix in estrogen receptor monomers where the conserved hydrophobic region is water 
accessible, represented in A3D colour scheme which goes from blue (less aggregation propensity), white (neutral) and red (more aggregation prone 
regions). Protein dimerizes to avoid exposing this STAP. ( C ) Str uct ural alignment of the c70 str uct ures for human, mouse, rat and zebrafish progesterone 
receptors (SR2) applying colour code as in (A). The rectangle highlights the interaction between the C-terminal extension (CTE) and the exposed STAP 
region. ( D ) Representation of human progesterone STAP-containing helix and CTE using A3D colour scale. ( E ) A3D-MODB reports S TAP conserv ation f or 
human, mouse, rat and zebrafish SR1 and SR2 as seen in c70 str uct ures and as peaks in the A3D Score distribution. Encircled peaks represent 
conserv ed S TAP. For clarit y purposes, only the globular domain of the SR1 cont aining the S TAP is sho wn on (E). Human, rat, mouse and z ebrafish 
UniP rot A cc. f or estrogen receptors SR1: P03372, Q62986, O08537, P57717 and progesterone receptors SR2: P0640 1, Q63449, Q00 175 and C9V3N7. 
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is reflected in the superposition of AlphaFold models for SR1
and SR2 (Figure 2 A and C). We used the ‘c70’ analysis to focus
on the conserved globular domains highlighted in the Thorn-
ton study. For all SR1 and SR2 proteins we could identify the
lineage-conserved STAP (Figure 2 B and D), whose presence
was evident in both graphical and numerical representations
of individual proteins (Figure 2 E). 

Discussion 

Protein aggregation has been an unavoidable constraint
that has shaped the course of protein evolution. The use
of sequence-based protein aggregation predicting software
across different model organisms have revealed the impact of
aggregation propensities on proteins’ folding time, size, half-
life, cellular concentration, subcellular localization or transla-
tion rate ( 55–59 , 62 , 63 ). The largest computational screening 
for an individual species employing available, non-redundant,
protein structures ( ∼600, roughly 14% of the proteome) 
was carried out in E. coli ( 58 ). Interestingly, this study sug- 
gested that evolutionary pressures to mitigate protein aggrega- 
tion also impacted structural elements, including surfaces and 

interfaces. 
Following the public release of the AlphaFold database, we 

have witnessed a sharp increase in A3D usage. This trend was 
particularly pronounced for proteins lacking previously deter- 
mined experimental structures, primarily from model organ- 
isms ( 64 ,65 ). Notably, the 2020 pandemic caused by the emer- 
gence and spreading of S AR S-COV-2 led to a rapid resolution 

of most of its structures and generated a peak of A3D analyses 
( 66 ,67 ). To cater to this demand, we developed A3D-MODB 

offering pre-computed aggregation propensity analysis and 
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ools for the study of this phenomenon on a proteome level
or a diverse set of well-characterized model species. These
rganisms were selected from distant clades with the aim of
acilitating comparative studies, such as the one exemplified
ere for steroid receptors. 
Importantly, A3D-MODB provides users access to A3Ds’

ESTful API, facilitating automatic computational data re-
rieval. For guidance, multiple use-case scenarios and scripts
an be found in the server’s tutorial or in a previous revi-
ion ( 51 ). This programmatic access not only streamlines data
cquisition but also paves the way for comprehensive large-
cale evolutionary studies on both general and specific factors
nfluencing protein aggregation across organisms of varying
omplexity. 

Despite recent effort by our research group and others to
ntroduce environmental factors, like solution pH, into aggre-
ation prediction models ( 68–70 ), these advancements have
rimarily been applied to IDPs and a limited set of experi-
entally validated globular proteins ( 70 ). Therefore, even if
e see a clear need to include the protein microenvironment

n aggregation predictions, validation and parametrization on
arger protein benchmarks is still required. Additionally, there
s a need to develop computationally efficient methods for
odeling the thermodynamic and dynamic impact of these

nvironmental factors on protein conformation before they
an be systematically integrated into large-scale predictive
rameworks. 

Since its recent publication an estimate of 7000 individual
sers have made use of the human database. We anticipate
hat A3D-MODB will provide solutions for a much wider
udience of researchers, given not only its extensive collec-
ion of structuromes but also its integration with databases
n different biological domains. Given its adaptable architec-
ure, the database is poised to accommodate future additions
f organisms relevant to the medical, biotechnological, agri-
ultural and industrial sectors. 

In conclusion, we are confident that the A3D-MODB intro-
uced in this study sets a new standard in protein aggregation
esearch, which we expect to become a core resource in the
eld. 

ata availability 

3D Model Organism Database is freely available to aca-
emic and non-profit research institutions for research pur-
oses only; a commercial licence must be obtained for any
ther A3D-MODB use. The different results are publicly
vailable through multiple data-access mechanisms. Website-
enerated figures and coordinate files with A3D results in the
-factor or AlphaFold database ( 24 ) provided pLDDT can be
etrieved through the browser interaction. All individual pro-
ein’s numerical results (including UniProt Acc.) can also be
eached via a RESTful API. For large-scale analysis, the A3D-

ODB provides a pre-computed comma-separated file (CSV)
or each model organism containing job ids for all processed
niProt Acc. under the ‘Download’ tab. Latest version of A3D

 40 ) can be installed locally following instructions in Kuriata
t al. ( 41 ). 

upplementary data 

upplementary Data are available at NAR Online. 
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