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ABSTRACT

ARTICLE HISTORY

Protein aggregation is an active area of research in recent decades, since it is the most common and
troubling indication of protein instability. Understanding the mechanisms governing protein aggregation and amyloidogenesis is a key component to the aetiology and pathogenesis of many devastating
disorders, including Alzheimer’s disease or type 2 diabetes. Protein aggregation data are currently
found “scattered” in an increasing number of repositories, since advances in computational biology
greatly influence this field of research. This review exploits the various resources of aggregation data
and attempts to distinguish and analyze the biological knowledge they contain, by introducing protein-based, fragment-based and disease-based repositories, related to aggregation. In order to gain a
broad overview of the available repositories, a novel comprehensive network maps and visualizes the
current association between aggregation databases and other important databases and/or tools and
discusses the beneficial role of community annotation. The need for unification of aggregation databases in a common platform is also addressed.
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Introduction
From finding novel anti-amyloid drugs, to engineering solid
biomaterials or designing successful biopharmaceutical products, a broad spectrum of questions remain to be answered,
regarding the principles governing protein aggregation or
amyloidogenicity [1–5]. The abnormal deposition of protein
aggregates results in the disruption of the normal function
of various tissues and organs and causes the onset and progression of a wide spectrum of diseases [6–8]. While the
causal role of aggregation in disorders has not been established [9], the widespread phenomenon of protein aggregation interferes even with biotechnological routines [10].
Importantly, the same disease-related proteins (or peptides)
may assemble to form amyloid fibrils in vitro [11] or during
their physiological roles [12–14].
Protein aggregation indicates the biological processes by
which stable complexes stem from an abnormal protein
assembly. Under destabilizing conditions, proteins, unable to
gain their proper native three-dimensional structure, are led
to the formation of insoluble misfolded protein aggregates
[15]. Aggregates are recorded as either “amorphous” or
“ordered amyloid aggregates”. Namely, amyloid fibrils refer
to highly ordered protein aggregates characterized by typical
cross-b diffraction patterns [16,17], unique morphologies
[18] and specific tinctorial properties [19]. Their remarkable
stability is the result of a rigid core structure, enhanced by
cooperative hydrogen bonding [20].
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The genesis of highly ordered amyloid aggregates is
reported as amyloidogenesis or amyloidogenicity, while the
underling mechanisms of misfolding have long been studied
with experimental [21], computational [22] and theoretical
methods [23]. A wealth of detailed information about the
structural conversion from a soluble protein into elongated
b-sheet protein aggregates introduced different theories of
protein fibrillation [24,25]. Putative models propose destabilization and unfolding of the native structure, triggering a
cascade of time-dependent events where protected "aggregation-prone" regions become exposed and nucleate the aggregation process [26–28]. Other experimental kinetic studies
revealed a mechanism analogous with the process of crystal
growth, since intermediate species gradually polymerize to
form oligomers, substructures such as filaments or protofibrils and subsequent mature amyloid fibrils [29].
Currently, a vast amount of information about protein
aggregation and amyloidogenicity is deposited in separate
online collections, but has not received yet a lot of attention
in the field of protein aggregation research. Complete and
up-to-date databases are essential for the biological and
medicinal research [30,31]. In abstracted terms, biological
databases embody repositories of organized biological knowledge, which are invaluable for the researchers, who attempt
to quickly find the appropriate resources for resolving their
research questions. The availability of specialized resources
has changed the way biologists study the phenomenon of
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protein misfolding, by broadening the focus from a single
protein assay to the systematic analysis of aggregation.
In this review, we outline the repositories that are relevant with this field of research, by mining all freely and
publicly available datasets and databases of amyloidogenic
proteins, "aggregation-prone" peptides, aggregation disorders
and amyloidoses. We also elucidate the interconnections
between separate databases, by creating a network, defined
by our own classification scheme, and discuss the challenges
for developing a new and unified database of protein
aggregation.

Protein aggregation databases
The scattered knowledge of protein aggregation data designates the outstanding need for introducing protein aggregation databases to the research community.
The need for protein aggregation databases
The phenomenon of protein aggregation and the subsequent
formation of highly ordered aggregates attracted considerable attention and became an area of intense research [32].
Computational work over the past 15 years or so, assisted in
the development of various tools, in an effort to predict and
analyze the aggregation profile of proteins [33–35]. Since
in silico methods were at the time based on selected data
from random molecular databases or the ample existing literature, an imperative need for aggregation-related data to
be organized, accessible, and easily retrieved, arises. Hence,
the availability of data stored in ideally designed protein
aggregation databases changed the way researchers study
these aggregation phenomena and contributed to significant
advances in biological, medical and – even – clinical
processes.
Universal protein databases, such as UniProtKB [36],
contain high-quality computationally analyzed records,
enriched with automatic annotation and classification, but
the extraction of information can be complex due to the
large amount of data and the diversity of protein families.
Commonly, fully annotated entries in general databases are
tagged with controlled “vocabulary keywords” that can
be used to retrieve particular subsets of entries [37].

However, advanced computational techniques should accompany this search procedure, in order to track down entries
related, for example, to “amyloid formation” or
“amyloidosis”. Therefore, it emerges the essential need for
specialized databases dedicated to protein aggregation.
Classification of protein aggregation repositories
A list of protein aggregation repositories was prepared and
is presented in Table 1 and Table 2. Available details on
repositories with experimental conditions are gathered in
Table 3. Figure 1 maps all the interconnections between protein aggregation databases, analyzed and discussed below.
Amyloidogenic datasets
Amyloidogenic datasets were the primary repositories of
protein aggregation data, originally helping to facilitate the
development, validation or testing of new algorithms.
Nowadays, with the avalanche of genomic and proteomic
sequences generated in the postgenomic era, many of these
datasets are deposited in various reference databases [38].
However, a vast amount of data can only be obtained
through literature searches. Besides their exploitation in
experimental research, collecting these data contributes to
the study of amyloidogenic or “aggregation-prone” proteins,
since they can act as scaffolds for developing powerful and
efficient computational methods.
An early example of a collection of amyloidogenic peptides was designed by Lopez de la Paz and Serrano in 2003
[22], by systematically replacing residues of the de novo
designed amyloidogenic peptide STVIIE, with all known natural amino acids, in an attempt to elucidate the principles of
amyloidogenicity. This dataset has proved extremely important for experimental researchers, a fact established from
almost 274 citations. Two additional, individual sets of amyloidogenic peptides, AmylHex and AmylFrag, were gathered
carefully to evaluate the 3D profile method [39]. The first
dataset included peptides from the aforementioned Lopez de
la Paz dataset, together with protein fragments derived from
insulin, b2-microglobulin, amylin (also called IAPP) and tau,
whereas the second exploited experimentally verified amyloidogenic peptides, identified by various researchers in the literature [40]. Another example, AmyloBase [41], a currently

Table 1. Amyloidogenic datasets of protein aggregation.
Dataset
Lopez de la Paz Collection
AmylHex
AmylFrag
AmyloBase
Hexpepset
TANGO Dataset
AGGRESCAN Dataset
AMYLPRED Dataset

Dataset Description
Variations – mutants of the STVIEE peptide
158 peptides; 67 amyloid-forming and 91 non-amyloid-forming peptides experimentally
verified
45 amyloidogenic fragments of proteins experimentally verified
Experimentally determined kinetic data about oligomer or amyloid fibril formation
2452 hexpeptides; 1226 amyloid-forming and 1226 non-amyloid-forming
71 peptides derived from human disease-related proteins (prion protein, lysozyme and b2microglobulin)
160 natively globular proteins; 51 intrinsically disordered proteins; 38 soluble proteins, overexpressed in bacteria; 121 proteins forming inclusion bodies, overexpressed in bacteria; 57
amyloidogenic proteins
12 amyloidogenic proteins with know 3D structures, exposing experimentally or computationally verified peptides

Reference
[22]
[39]
[39]
[41]
[42]
[65]
[44]
[27,45]

The majority of the datasets play a key role in the development, validation or testing of the reported algorithms, while others published independently as largescale proteomic analyses. A brief description for each dataset is provided.
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unavailable collection, was described as a nascent list of
experimentally determined data, regarding oligomer or
amyloid formation, which was created to support the development of future amyloid prediction methods. It should also
be mentioned that datasets based on various rational concepts were created for many remarkable aggregation prediction methods (Pafig [42], TANGO [43], AGGRESCAN [44],
AMYLPRED [45] and AMYLPRED2 [27]). It should be
noted that, although datasets are usually hidden components
of computational methods, they can prove to be extremely
valuable assets to researchers. Well-known amyloidogenic
datasets are listed in Table 1.

3

Protein-based databases
Protein-based libraries of aggregation and amyloidogenicity,
introduced soon after the onset of protein aggregation
research, are consistent protein repositories that improved
the data access to specialized users.
Although amyloid fibrils from different proteins share
common ultrastructures, the amino acid composition and
native structures of the proteins, associated with amyloid
diseases, have been found to be highly variable [46]. A significant first attempt to accumulate information of amyloidogenic proteins was the fibril_one online database,
published back in 2002 [47]. The main idea behind the

Table 2. Classification of protein aggregation databases.
Category
Protein-based

Database
fibril_one

ZipperDB
AMYPdb

CreateFibril
Fragment-based

WALTZ-DB

CPAD
AmyLoad

Disease-based

Mutations in Hereditary
Amyloidosis
ALBase

AlzGene
PDGene
PDbase
AD&FTDMD

Amyloidosis Foundation
ProADD

Database Contents

URL

Availability

User Annotation

Reference

250 mutations and experimental conditions, diseases associated with 22
amyloidogenic proteins
Amyloidogenic profiles of
proteins in 76 different
genomes
Amyloid precursor families of
600 organisms and their
amino acid sequence
signatures
Three-dimensional fibril
models of HETs, Ab and
amylin
Experimentally characterized
amyloid-forming and nonamyloid-forming
hexapeptides
Peptides related to amorphous or amyloid
aggregation
Amyloidogenic and nonamyloidogenic protein
fragments, experimentally
or computationally
characterized
Mutations in hereditary amyloidoses related with 8
amyloidogenic proteins
Nucleotide and amino acid
sequences of immunoglobulin light chains of
patients with AL
amyloidosis
Genetic association studies
in the field of Alzheimer’s
disease
Genetic association studies
in the field of Parkinson’s
disease
Gene and genetic variations
of Parkinson’s disease
Mutations of the Alzheimer’s
disease and frontotemporal disorders, reported in
the literature, directly
submitted or communicated at scientific
meetings
Informal data on selected
forms of amyloidoses
Information for 600 proteins
involved in 12 aggregation diseases

http://www.bioinformatics.
leeds.ac.uk/group/online/
fibril_one

N/A

N

[47]

https://services.mbi.ucla.edu/
zipperdb/

A

N

[40]

http://amypdb.genouest.org/
e107_plugins/amypdb_
project/project.php

A

Y

[49]

http://amyloid.cs.mcgill.ca/
database/index.html

A

N

[51]

http://waltzdb.switchlab.org/

A

N

[58]

http://www.iitm.ac.in/bioinfo/CPAD/

A

Y

[61]

http://comprec-lin.iiar.pwr.
edu.pl/amyload

A

Y

[63]

www.amyloidosismutations.
com

A

Y

[67]

http://albase.bumc.bu.edu/
aldb/

A

N

[71]

http://www.alzgene.org/

A

N

[72]

http://www.pdgene.org/

A

N

[73]

http://bioportal.kobic.re.kr/
PDbase/
http://www.molgen.ua.ac.be/
admutations/

N/A

N

[74]

A

Y

[75]

http://www.amyloidosis.org/

A

N

–

http://bicmku.in/ProADD

A

N

[76]

Databases are categorized as protein-based repositories, fragment-based repositories and disease-based repositories. The contents, the availability (N/A: not available; A: available) and the corresponding URL of each database are provided. User annotation availability is also included (Y: yes or N: no).
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Table 3. Contents of aggregation datasets and databases with in vitro experimentally verified data.
Features
Aggregation Repositories
Lopez de la Paz Collection
AmyloBase

fibril_one
WALTZ-DB
CPAD

AmyLoad

Methodology

Additional Data

Transmission electron microscopy, Fourier
transform infrared spectroscopy, X-ray
fibre diffraction, circular dichroism
–

–
Transmission electron microscopy, Fourier
transform infrared spectroscopy, circular
dichroism, ProteoStat dye
Fluorescence, light scattering, immunofluorescence, turbidity measurements, thioflavin T dye, Congo red dye, thioflavin S dye
Transmission electron microscopy, X-ray fibre
diffraction, Fourier transform infrared
spectroscopy, circular dichroism,
ProteoStat dye, Congo red dye

Buffer name and concentration, peptide concentration, ionic strength, pH,
temperature
Kinetic details (seconds of lag phase, sec1
onds of t =2, exp. value), mutation type,
pH, temperature, ionic strength, solvent
additives, solvent cofactors, protein/peptide concentration
–
–
Mutation type, temperature range, pH range,
buffer name and concentration, ionic
name and strength, protein/peptide concentration, solvent additives
Peptide concentration, pH, ionic strength

Availability
A
N/A

N/A
A
A

A

Features of experimental-derived repositories of protein aggregation are listed below. The availability of each repository is provided (N/A: not available; A:
available).

creation of this collection was based on how different mutations affect fibrillogenesis of known amyloidogenic proteins.
Nearly 250 mutations and 50 experimental conditions associated with 22 proteins constitute fibril_one, a database
riddled with information, yet currently unavailable to the
public.
The concept of deciphering the factors responsible to
drive a protein into the amyloid state allowed Goldschmidt
et al. in 2009 to introduce the amylome, the "universe" of
amyloidogenic proteins, by predicting the aggregation profile
of every protein in 76 genomes. Notably, following
UniProt’s footsteps, ZipperDB [40] was created to store a
large-scale amyloidogenic analysis on different genomes. All
database entries are proteins segregated in computationally
predicted, overlapping peptide segments. Structural modelling was used in order to evaluate the possibility that a particular protein stretch can form a tightly packed interface
with an identical stretch and participate in the formation of
a steric zipper [48]. This computationally derived repository
is a unique approach, which uses solely structural information to predict protein stretches, “prone” to give rise to an
amyloid spine. The user can browse the database for each
genome or submit queries using a protein’s name, a peptide
sequence or a genome’s name. Nonetheless, an account is
necessary to perform any of the prior actions.
On the contrary, AMYPdb [49], a database of 31 selected
amyloid precursor families, serves the purpose of in silico
collecting all amyloidogenic peptide signatures among nearly
600 organisms. The idea that the propensity of a protein to
aggregate into typical amyloid fibrils varies greatly, depending on the amino acid sequence or the cellular environment,
enabled the development of a database, based on known
PROSITE protein patterns [50]. Each precursor entry in
AMYPdb is thoroughly analyzed and annotated, including a
brief description, information about the primary and the
secondary structure and finally, a list of sequences matching

the PROSITE pattern of the precursor protein. Among the
available functions, an advanced search engine allows the
complex navigation on the stored data, while implemented
methods enable the calculation of several physicochemical
parameters or the amyloidogenic profile of a query protein.
The main advantage of AMYPdb is the benefit to create customized working sets of proteins, authorizing the interactive
operation of the user. This repository is eventually a computational effort to extract accurate data of potential amyloidogenic proteins among different organisms.
Meanwhile, the prominence of amyloid deposits in many
diseases raised the question of how misfolded proteins interact at atomic level, and thus, much effort has been spent on
elucidating the three-dimensional structure of amyloid
fibrils. Amyloid assemblies can be extremely diverse as a
result of amyloid polymorphism, a common phenomenon
even for fibrils formed from an identical sequence. An
extremely specialized database of classified fibrillar shapes
and hyperstructures of proteins well known to self-assemble
into amyloid fibrils was constructed by Smaoui et al. [51].
CreateFibril database is basically a computationally calculated collection of stable polymorphic fibril models of HETs,
Ab and amylin proteins, along with their structural energy
landscapes, produced by the CreateFibril tool [51].
Fragment-based databases
It has been generally established that short protein segments
can nucleate the fibrillation of polypeptide chains, since they
intrinsically exhibit the tendency to drive a native protein to
the amyloid state [52]. The moment this observation
emerged, the research interest redirected from the study of
native proteins into short protein stretches [53–56].
Computational approaches for investigating the aggregation
profile of proteins and detecting “aggregation-prone” segments in proteins have been explicitly reviewed [33–35,57].
Several biological databases are dedicated to such short
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Figure 1. A directed network representing interconnections between protein aggregation databases with other databases and computational tools. Each database
or computational tool is represented as a node, whereas interactions between neighbouring nodes are visualized as edges. Incoming and outcoming edges are
used to describe the directed flow of information within the network. Protein aggregation databases are sorted in three distinct categories, as described in
Classification of Protein Aggregation Repositories Section. Specifically, databases dedicated to amyloid disorders and other aggregation diseases are shown in light
grey (group on the right), databases that provide information regarding “aggregation-prone” segments in protein sequences in dark grey (group on the bottom)
and databases that contain amyloidogenic proteins in black (group on the top). The node shape is used to discern the different components of the network.
Protein aggregation databases are depicted as rectangles (䊏), whereas other databases are depicted as circles (). Noteworthy, prediction algorithms, presented as
diamonds (䉬), are computational tools utilized or implemented explicitly in the creation of aggregation databases and can be either relevant to protein aggregation or provide other important utilities for the repositories in which they are found, despite not being aggregation specific. Aggregation prediction algorithms presented in this figure are extensively reviewed in other works [33–35]. Dashed lines reveal the connections between databases, while solid lines are used to depict
the connections between aggregation databases and computational tools. Two elements are considered connected when a hyperlink exists from the source element to the target. In particular, dashed lines connect aggregation databases with other databases and solid lines connect aggregation databases with computational
tools. The visualization of the protein aggregation databases network was executed using the open source program Cytoscape [77]. Databases and tools that are
not mentioned in the main text are referenced in Table 4.

segments; we describe these fragment-based repositories
thoroughly below and in Table 2.
WALTZ-DB [58] is the first elaborate collection of amyloidogenic and non-amyloidogenic hexapeptides, inspired
and created by the developers of Waltz algorithm [59]. This
database assembles experimentally characterized peptides in
one extended and detailed collection. The collection contains
hexapeptides derived from different sources, yet annotated
in detail, regarding their amyloidogenic capacities. The available experimental data, together with the structural characterization following Eisenberg’s classification [60], are a
useful addition for peptide specialists. The accessibility on
experimental details and/or experimental material, accompanying each peptide entry, allows researchers to independently evaluate the quality of data (Table 3). Among the
advantages of WALTZ-DB is the choice of the user to filter
information, by using the search engine and particularizing
their query.
Moving a step further, Thangakani et al., recognizing the
expanding interest of researchers in the field of protein
aggregation, developed the Curated Protein Aggregation

Database (CPAD) [61]. This database ventured to assemble
current information on peptide aggregation and thus is a
collection of peptides that are related either to fibril formation or amorphous aggregation. Particularly, an accurate distinction between amyloid-forming peptides of different
lengths and amorphous or non-amyloid-forming peptides is
available, whereas additional structural information of peptides with known 3D structures is provided, with external
links to PDB [62].
A great supplement in fragment-based databases is a
repository aiming at bringing together amyloidogenic
sequences from all major sources, in a common platform.
AmyLoad consolidated a great majority of the currently
available amyloidogenic and non-amyloidogenic sequences
in an effort to collect all fragment data of amyloidogenesis
[63]. Developers made a special effort to merge validation
datasets of different prediction methods (AGGRESCAN
[64], TANGO [65], AmylHex and AmylFrag [40]), along
with data obtained from the literature. Entries are easily
accessible and information is carefully organized, while
interconnections with other available databases and
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computational methods compose a user-friendly interface
(see Database interconnections in Figure 1). For instance,
for a given peptide, researchers can obtain in-depth information, such as the experimental preparation of the sample
or the name of the disease related with each record. A major
benefit for the research community is the availability of the
experimental methodology, used for the verification of amyloidogenicity for each peptide entry (Table 3).
Disease-based databases
According to Sipe et al., amyloidogenic proteins can either
give rise to distinct amyloidoses, or can play a pathological
role in neurodegenerative or endocrine diseases that are
actually not classified as amyloidosis, from a clinical viewpoint [8]. Amyloidoses constitute a remarkably heterogeneous group of diseases that have been studied extensively
and undergone various classifications (localized or systemic,
primary or secondary, mesenchymal or parenchymal) [66].
Hereditary amyloidosis is the type of disease, caused by
inheriting a particular gene mutation. Mutations in
Hereditary Amyloidosis database [67] merges the need of
the clinical and scientific community for accessing information about new mutations and phenotypes in hereditary
amyloidosis. The database contains information about genes,
related to different forms of amyloidosis, and is enhanced
with a brief description of known clinical phenotype or ethnicity, allowing a more complete understanding of the relationship between genes and the trait of a disease. External
reference resources to Medline [68] and OMIM [69] assist
in “spanning” clinical and available online knowledge on
such amyloidoses.
A few databases have been designed to accumulate knowledge for specific disorders related to amyloid formation.
Light chain amyloidosis (or AL amyloidosis) is the most common type of systemic amyloidosis, mainly associated with
plasma cell dyscrasia [70]. The dominance of this systemic
form in the developed world triggered the creation of the
ALBase [71], a repository of the primary sequences of
immunoglobulin light chains of patients with AL amyloidosis,
containing 4364 nucleotide and amino acid sequences of
immunoglobulin light chains. AlzGene [72], PDGene [73]
and PDbase [74] are disease-based databases dedicated to the
Alzheimer’s disease (AD) and Parkinson’s disease (PD). The
aforementioned neurodegenerative diseases have high prevalence worldwide and are responsible for a great number of
deaths globally in recent years. AlzGene and PDGene gather
and comprehensively catalogue all genetic association studies
in the field of Alzheimer’s and Parkinson’s disease, respectively, whereas PDbase present an in-depth collection of
molecular characteristics, governing aggregation in
Parkinson’s disease. Another approach in Alzheimer’s disease
is available through the Alzheimer Disease & Frontotemporal
Dementia Mutation Database (AD&FTDMD) [75], a platform that aims at collecting all known gene mutations related,
in general, to the Alzheimer’s disease and frontotemporal
dementias (FTD). Finally, Amyloidosis Foundation [60],
known mainly as a forum rather than a scientific database,
contains informal recorded information on selected forms of

amyloidoses and raises awareness for these rare forms of diseases to the general public.
While a range of overwhelming human diseases is known
to be associated with the formation of highly organized protein aggregates, deposition of amorphous protein aggregates
could also be related to the onset of other aggregation diseases. The tremendous impact of several amyloidoses worldwide, though, concealed the presence of other significant
disorders, caused by protein aggregation. In contrast to the
specialized amyloid databases above, ProADD holds details
of around 600 proteins involved in aggregation diseases
[76]. Proteins in ProADD are annotated and categorized as
aggregating proteins or intrinsically disordered proteins,
based on data gathered from literature or by utilizing available prediction algorithms. Unfortunately, the usefulness of
this library is limited, as protein data are not currently
available.
Interconnections between protein aggregation
repositories
In order to further analyze the functional "interactions"
between the above databases, we constructed a directed
graph, utilizing Cytoscape [77]. A graph or network (interchangeably used terms) consists of a set of nodes, representing entities of interest, and a set of edges, signifying specific
relationships between them. Namely, a directed graph has
ordered pairs of edges with directions from a certain node
to another and is mainly used to describe procedures with a
specific flow of information.
Following a systematic approach, protein aggregation
databases and their implemented or integrated tools were
collected. Data were divided as protein aggregation/amyloid
databases (rectangle node shape), other databases (circle
node shape) and tools (diamond node shape). A number of
well-known repositories and computational methods, not
strictly related to protein aggregation, were intentionally
gathered, so as to visualize the way repositories, dedicated to
protein aggregation, implement other databases, methods or
tools. Incoming and outcoming arrows were used to map
the context-specific information propagation (Figure 1).
Figure 1, illustrating connections between repositories and
computational tools, provides a frame for the interpretation
of links among protein aggregation repositories. This network-based representation is evidently presenting that there
are no direct links between any of the databases dedicated to
protein aggregation. AlzGene and PDGene are the only
exception, since they depict extreme interconnectivity with
other databases, compiling data from genetic association
studies [78,79]. Fragment-based databases (dark grey rectangles) are strongly interconnected with aggregation prediction
tools (Waltz, FoldAmyloid, PASTA, TANGO, etc.), a reasonable finding as predicted aggregation rates are the basis of
discovering short protein segments. Protein-based collections
(black rectangles) implement only a few prediction methods;
however, they form connections with major protein databases
(UniProtKB, PDB). In turn, databases related to aggregation
diseases (light grey rectangles) exhibit extremely low
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Table 4. Detailed interconnections between aggregation databases and other databases or tools, derived from the analysis of the directed network (Figure 1).
Aggregation Database

Other Database

Computational Tool

fibril_one
ZipperDB
AMYPdb

PDB [62] UniProtKB [36] GenBank [80]
PDB [62]
Wikipedia PROSITE [50] UniProtKB [36] PDB [62]

WALTZ-DB
CPAD

PDB [62]
UniProtKB [36] PDB [62]

AmyLoad
Mutations in Hereditary Amyloidosis
AlzGene
PDGene
PDbase
ProADD

GenBank [80] MedLine [68] OMIM [69]
PDGene [93] SZGene [78] MSGene ALSGene [93]
AlzGene [72] SZGene [78] MSGene ALSGene [93]
BioCarta Models [79] GAD [94] HGMD [95] HPRD [96]
KEGG [97] OMIM [69]
PDB [62] DisProt [98]

CLUSTALW [81] PHD [82] DSSP [83]
Blast [84] 3D Profile method [39]
Salsa [85] Pafig [42] Fold Amyloid [86] Waltz [59]
PASTA [87] TANGO [43] AGGRESCAN [64]
TANGO [43] PASTA [87] Waltz
NET-CSSP [88] GAP [89] AMYLPRED2 [27] BETASCAN
[90] Zyggregator [91] DSSP [83] Waltz [59] PASTA
[87] TANGO [43] AGGRESCAN [64] FoldAmyloid
[86]
AGGRESCAN [64] FoldAmyloid [86] FISH Amyloid [92]

AGGRESCAN [64]

Each aggregation database, highlighted in bold, occupies the first column and is related to other databases and computational tools, listed in the second and
third column, respectively. Apparently, the association between aggregation databases is poor, with the exception of AlzGene and PDGene, since only two aggregation databases are included in the second column.

connectivity with the entire network, since only three out of
seven collections have external links to other computational
tools or databases. UniProtKB [36] and PDB [62], two wellannotated and comprehensive resources, are the databases
with external links from the majority of protein and fragment-based databases, since three (3) and six (6) incoming
edges were recorded, respectively. However, neither of these
databases has explicit or implicit links to amyloid-related
repositories (no outcoming edges) (Table 4).
The graphical visualization of the aforementioned databases (Figure 1, Table 4) emphasizes the necessity to concentrate additional knowledge regarding protein aggregation
and consequently create connections between them and
other online resources, in order to make data mining more
efficient for the scientific community. Our graph is believed
to contribute towards putting forward alternative strategies
in merging data between different groups of repositories.
Moving to aggregation-related data, more rigorous studies
should take place, since data include a considerable amount
of redundancy. Although it is unlikely that one database will
be the collection of choice in all circumstances, a major
restriction for researchers is that only few repositories keep
key details on experimental conditions of protein aggregation (Table 3). A problem that needs to be solved is the heterogeneity of the records, even within the same group of
aggregation databases. A potential format standardization
would sustain the data usefulness and would allow the
effortless comparison among data from different sources.
Advancements in computationally based or experimentalbased databases from various research groups will upgrade
the quality of data and will accelerate protein aggregation
research worldwide. It is also expected that aggregation
repositories will be valuable "partners" for the experimental
community, when they will be able to provide a common
protein aggregation platform of non-redundant data in a
uniform way.
User annotation of protein aggregation
A stimulating and a particularly useful feature available in
some of the aforementioned repositories is the choice of the

community annotation [49,61,63,67,75]. In general, the primary goal of a scientific database is the accurate and comprehensive demonstration of the data, along with the
effortless accessibility for the scientific community. The
ever-increasing demand of experimental data, though, necessitates the constant update of the available knowledge, a
challenging attempt for specialized or "small-scale" repositories, such as databases dedicated to aggregation and amyloidogenicity. To address this issue, apart from the common
database curation, the user annotation feature permits
researchers to outsource their experimental or computational
results and eventually supports the compilation of the available biological knowledge. Namely, five out of thirteen databases, reviewed herein, implement – to some extent – the
user "interaction" and allow the submission of relevant data.
The synergy between the database curators and the scientific
community is a fruitful attempt to improve specialized repositories dedicated to protein aggregation. The user annotation availability for every database is presented in Table 2.

Conclusions
A field that is receiving renewed emphasis, both computationally and experimentally, is the elucidation of the molecular mechanisms that drive protein aggregation and
amyloidogenesis. A variety of protein aggregation databases
recently emerged, ranging from general collections of amyloidogenicity, to specialized disease databases, bearing various utilities. This review provides a brief analysis of
available protein aggregation repositories that fulfil diverse
needs and can be divided into four distinct categories,
namely amyloidogenic datasets, protein-based repositories,
databases dedicated to "aggregation-prone" fragments of proteins and, finally, disease-based collections (Table 1 and
Table 2). A more clear representation of the association
among the protein aggregation repositories is graphically
displayed herein (Figure 1). Apparently, interconnections
between various collections are scarce and thus, there are
several limitations in the combined mining of the databases
for information regarding protein aggregation (Table 4).
Contrary to computational tools, databases require
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continuous annotation and as a result, an existing problem
is the need of incorporating protein aggregation data into
ideally designed databases. The experimental and the computational community should universally join forces by
exploiting user annotation, during the study of amyloidogenicity. It is hoped that, in years to come, databases containing protein aggregation data will undergo a unification and
standardization, following the example of major biological
databases such as UniProtKB, where protein sequence information, in its entirety, can be accessed through a single
database.
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