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Abstract
Fluid protein biomarkers are important tools in clinical research and health care to support diagnosis and to monitor
patients. Especially within the field of dementia, novel biomarkers could address the current challenges of providing
an early diagnosis and of selecting trial participants. While the great potential of fluid biomarkers is recognized, their
implementation in routine clinical use has been slow. One major obstacle is the often unsuccessful translation of
biomarker candidates from explorative high-throughput techniques to sensitive antibody-based immunoassays. In
this review, we propose the incorporation of bioinformatics into the workflow of novel immunoassay development to
overcome this bottleneck and thus facilitate the development of novel biomarkers towards clinical laboratory practice. Due to the rapid progress within the field of bioinformatics many freely available and easy-to-use tools and data
resources exist which can aid the researcher at various stages. Current prediction methods and databases can support
the selection of suitable biomarker candidates, as well as the choice of appropriate commercial affinity reagents.
Additionally, we examine methods that can determine or predict the epitope - an antibody’s binding region on its
antigen - and can help to make an informed choice on the immunogenic peptide used for novel antibody production. Selected use cases for biomarker candidates help illustrate the application and interpretation of the introduced
tools.
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Introduction
Biomarkers comprise biological measurements that can
give an indication about a person’s medical state, disease progression or response to intervention [1]. Thus,
biomarkers can be critical for prognosis, diagnosis, disease sub-typing and monitoring of disease advancement
or treatment response [1]. Fluid biomarkers specifically are biomolecules that can be detected and quantified in one of the bodily fluids, such as blood plasma or
cerebrospinal fluid (CSF). Their inexpensive and often
*Correspondence: s.abeln@vu.nl
9
CWI, Amsterdam, The Netherlands
Full list of author information is available at the end of the article

minimally invasive sample collection renders fluid biomarkers suitable for a broad clinical use and is therefore
the focus of many medical research fields [2, 3]. Biological fluids often provide the only viable option to examine the protein profile of the tissue of interest [4]. For
instance, because of its close proximity to the brain, CSF
is especially pertinent for neurological disorders such as
dementias [4]. However, with the ongoing advancement
of ultra-sensitive measurement technology the translation of CSF- to blood-based biomarkers is also actively
pursued [2, 5]. The potential of fluid protein biomarkers
is immense, especially to tackle current major challenges
within the dementia field [6]. Novel and robust biomarkers are needed to allow an early and correct diagnosis,
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as identification based on clinical manifestation alone is
still a challenging and lengthy process and often inaccurate, since dementia can develop due to multiple causes
[7–9]. The complexity of dementia pathology suggest that
a combination of protein biomarkers may be necessary
for accurate conclusions and thus the use of biomarker
panels is increasingly explored [10, 11]. Additionally, it
has become clear that the pathological processes in neurodegenerative diseases may start decades before clinical
symptoms manifests. Therefore, in clinical trials that target the early stages of the diseases, fluid biomarkers are
required to enable an improved pathology-based participant selection. Moreover, biomarkers allow the monitoring of adverse events and endpoints for trials [12]; this
is key to increase the success of dementia drug trials.
Despite the promise of fluid biomarkers, the implementation in clinical use has been slow and their potential
is still largely untapped [13–15]. As biological fluids are
complex matrices, reliable biomarker detection is only
possible with highly sensitive and specific assays.
In this review we will consider how the development of
fluid protein biomarker assay methods can be supported,
using bioinformatics tools and data resources. While we
will focus on the domain of dementia biomarker development, the recommendations given here can be used in
the setting of any protein biomarker or biomarker panel.
The development of novel biomarkers

Novel biomarker development is a long and multidisciplinary process that consists of biomarker discovery, qualification, verification and clinical validation [16, 17].
Biomarker discovery has the aim to identify novel proteins that are most suitable to differentiate between two
states of interest (e.g., disease vs. non-disease) by means
of their expression levels [18]. There are two principal
approaches to biomarker discovery. One depends on
knowledge of the underlying disease process and targeted
selection and development of biomarker candidates.
The other, which is relevant to this review, is explorative. An explorative approach typically uses hypothesisfree experimental techniques allowing the simultaneous
detection of many proteins to increase the success of candidate identification. While untargeted mass spectrometry is the customary method of choice for biomarker
discovery [19], novel multiplexed antibody- or aptamerbased proteomics methods are increasingly utilized as
well [20–22]. We outline the advantages and disadvantages of these three approaches in Table 1 [20]. Because
of their complementary nature, integration of these
methods has recently been suggested [23, 24].
Because of its widespread prominence and use, we
focus on MS as a biomarker discovery tool in depth
hereinafter. The relative protein quantification using MS
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is facilitated through the ionization of the present biomolecules, followed by their separation and detection
based on their mass-to-charge ratio. Importantly, preceding sample preparation usually involves the depletion of
highly abundant proteins and protein digestion by a protease [25] (Fig. 1). Thus, instead of full-length proteins
MS detects peptide fragments which need to be mapped
to the corresponding protein afterwards [19]. As a result
of the digestion step any protein folding and interaction
is eliminated from the MS samples before their detection.
One of the major drawback of MS is the low achievable sample throughput because of the intensive sample
preparation and the high associated costs of this technology [27]. The limited number of samples can lead to
a high false positive rate for biomarker candidates; consequently, a following verification using an increased
number of samples is essential [28]. While the qualification and verification of a continuously funneled set of
biomarker candidates might still be performed by targeted MS technologies, clinically used biomarker assays
eventually require a more widely accessible, cost-effective and high sample throughput technology that still
offers high sensitivity [13]. The most established method
for validation and routine clinical use is the antibodybased immunoassay, most commonly in the format of
an enzyme-linked immunosorbent assay (ELISA) [13,
17]. Note that many alternative immunoassay technologies with higher sensitivity and associated costs exist that
have been summarized elsewhere and are not further
considered here [29].
ELISA is a targeted immunodetection approach that
is customarily implemented as a “sandwich” assay. These
immunoassays allow the detection of protein biomarkers
by capturing and immobilizing the protein target with a
first capture antibody, while producing a read-out signal
through the second detection antibody binding to the
target [30] (Fig. 1). The strength of the signal correlates
with the amount of the target bound, and thus allows the
absolute quantification of the protein in the sample [30].
The application of antibodies allows high flexibility and
sensitivity, two of the main advantages of immunoassays.
Antibodies can be raised against virtually any kind of
biomolecule and will detect their target at extremely low
concentration even in complex samples such as plasma
[31]. The identification of a favorable pair of a capture
and a detection antibody for a specific biological matrix
and concentration range is a crucial part of the development of novel biomarker assays. If the assay has been validated and optimized, its performance can be validated
in a large patient cohort, before being commercially pursued and brought to the market [18].
Owing to their prominence and prevalent use, here
we described an MS-to-ELISA-centered biomarker
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Fig. 1 Difference in sample preparation between MS and immunoassay technologies. MS is an unbiased detection method; the sample fluid
is depleted of highly abundant proteins and proteolytically digested before measurement. Immunoassays allows targeted protein detection by
antibodies; the protein target is in its native fold during measurement

Table 1 Commonly used technologies for biomarker discovery. Multiple approaches exist that allow multiplexed protein
measurements in human body fluid samples. While mass spectrometry is still the customary method, novel affinity-based proteomics
methods are also increasingly utilized
Technology

Advantages

Disadvantages

Availability

Relevant
references

Untargeted mass spectrometry Unbiased approach, widely established
and used in laboratories, proteoformspecific information

False positive rate, limited sensitivity and
dynamic range

No restriction

[26]

Proximity extension assay

High dynamic range, sensitivity and
specificity

Not available for all proteins, no assay
adaptation

>3000 proteins [21]

Aptamer-based proteomics

High dynamic range, sensitivity and
specificity

Not available for all proteins, no assay
adaptation

>7000 proteins [22]

development pipeline. Note that the arguments made
in the following are applicable to any workflows with
the aim of establishing clinical immunoassays based on
explorative biomarker studies such as mass spectrometry,
proximity extension assays or aptamer-based proteomics
[19, 21, 22].
The cross‑technology translation gap

Methods for biomarker discovery and clinical validation exhibit benefits and weaknesses that make them
suitable for one step but inadequate for the other [27].
They should thus be considered complementary. While

there is an ongoing effort to hybridize and improve biomarker detection methods [21, 32, 33], the translation
of results from exploratory to targeted approaches is
still an important process to arrive at biomarkers for
clinical practice. Herein lies one of the major challenges
of the current pipeline: the cross-technology translation gap [13]. Biomarker discovery, e.g., the analysis
of samples by MS, often leads to the identification of
many proteins showing differing levels and thereby to
a lengthy list of biomarker candidates. But those measurement differences in protein levels can often not
be replicated on the immunoassay platform, thereby
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halting the development pipeline. This issue might
often be caused by the differences in sample preparation and protein detection between the technologies,
e.g., between MS and ELISA (Fig. 1).
Several other difficulties and gaps arise in the pipeline of biomarker development which have been the
subject of previous reviews [13, 18, 19, 34] and are not
considered here further. Instead, we concentrate on the
bottleneck of cross-technology translation and aim to
present the specific stages at which bioinformatics tools
might be incorporated into novel assay design to bridge
this gap. Due to the rapid progress within the field of
bioinformatics, many resources are nowadays available that can aid this challenging process. To the best of
our knowledge, this work is the first to provide recommendations on how to apply these tools specifically for
biomarker assay development to identify and overcome
potential obstacles. Specific examples of current prediction methods and databases are provided with the
hope that this review offers a resourceful starting point
for the interested researcher.

Page 4 of 21

Bioinformatics workflow for biomarker assay
development
Based on the typical approach for the immunoassay
development of a novel biomarker target, we wish to
highlight several stages at which bioinformatics tools
could enhance the process and increase the chances of
successful assay design. A proposed workflow of novel
immunoassay development is shown in Fig. 2 with steps
to incorporate bioinformatics highlighted. This workflow does not include detailed steps for the actual validation experiments; instead, we focus on the preceding
decisions regarding biomarker candidate, antibody and
immunogenic peptide selection. In this section, we aim to
illustrate the relevance and benefit of those steps within
the complete workflow and to define which properties
are of interest at which point. The subsequent section
will contain the detailed description of bioinformatics
resources considered to be helpful, and specifically how
those tools can be utilized to identify possible obstacles
and solve arising difficulties. Furthermore, the areas of
interest highlighted in bold in this section can be found
in Table 2 to find the associated tools and resources;

Fig. 2 Workflow for novel immunoassay development. A flowchart of typical steps to follow for optimal assay development of biomarker
candidates identified by explorative approaches. I-VI: boxes highlighted in blue indicate stages at which bioinformatics might be incorporated. The
associated areas of interest are given in section 2. For detailed information on specific methods and databases associated with each named step in
the workflow see section 3 and Table 2
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Table 2 Bioinformatics resources for immunoassay development. All described bioinformatics tools are categorized by the area of
interest and further by the specific property that can be examined. Information is provided on the resource type, the required input,
and the associated step(s) of the bioinformatics workflow (see Fig. 2). Abbreviations: AB-Seq - antibody sequence in FASTA format, C
- calculation, DA - database of annotations, DP - database of predictions, N - protein name, P - prediction method, PDB - PDB ID, Seq protein sequence in FASTA format, Str - protein structure in PDB format, UP - UniProt ID, VS - visualization. Workflow steps: I - Biomarker
suitability survey, III - Epitope localization, IV - Epitope-specific antibody survey, V - Immunogenic peptide selection, VI - Error analysis.
*These tools can only be utilized if a PDB entry, i.e., a protein structure, for the target exists. ** EpiPred requires the antibody structure.
However, the antibody sequence is sufficient if homology modeling is used to derive a structure model from it
Area of interest

Specific property

Bioinformatic tool

Label

Input

Step

Biological context

Protein function

UniProtKB

DA

N, UP

I, VI

QuickGO

DA

N, UP

[48]

Seq

[49]

NetGO 2.0

P

STRING

DA, DP N, UP, Seq

Disease involvement

OMIM

DA

N

[51]

DisGeNET

DA

N, UP

[52]

Expression Atlas

DA

N, UP

Human Protein Atlas

DA

N, UP

[54]

Human Body Fluid Proteome

DA

N, UP, Seq

[55]

UniProtKB

DA

N, UP

[47]

DeepLoc-2.0

P

Seq

[56]

Extracellular vesicle localization

Vesiclepedia

DA

N

Molecular weight

Compute pI/MW

C

UP, Seq

Solved protein structure

Protein Data Bank*

DA

N, UP, Seq, PDB

[59, 60]

Homology modeling

SWISS-MODEL (Repository)

P, DP

UP, Seq

[61, 62]

Predicted protein structure

AlphaFold Protein Structure
Database

DP

N, UP

[63, 64]

Structure viewer

Mol* (Mol star)*

VS

PDB, Str

[65]

Structural protein features

PredictProtein

P

Seq

[66]

NetSurfP-2.0

P

Seq

[67]

DescribePROT

DP

UP, Seq

[68]

DisProt

DA

N, UP

[69]

MobiDB

DA, DP N, UP

[70]

Subcellular location

Disorder

Proteoform complexity

Protein interactions

[50]

I, VI

[53]

[57]
I, IV, V, VI

[58]

IUPred3

P

UP, Seq

Isoforms and cleavage products

UniProtKB

DA

N, UP

Post-translational modifications

PhosphoSitePlus

DA

N, UP

[72]

iPTMnet

DA

N, UP

[73]

MusiteDeep

P

Seq

PredictProtein

P

Seq

DescribePROT

DP

UP, Seq

Interacting residues

Aggregation

Epitopes

[47]

Interaction partners

Protein origin and location Tissue-specific expression

Protein structure

References

Epitope prediction

[71]
I, IV, V, VI

[47]

[74]
IV, V, VI

[66]
[68]

HybridPBRpred

P

Seq

[75]

ANCHOR2

P

UP, Seq

[76]

InterPro

DA

N, UP, Seq

MobiDB

DA, DP N, UP

[77]
[70]

Aggrescan3D 2.0*

P

PDB, Str

[78]

PASTA 2.0

P

Seq

[79]

AmyPro

DA

N, UP, Seq

BepiPred-2.0

P

Seq

[80]
III, IV, V,VI [81]

SeRenDIP-CE

P

Seq

[82]

ElliPro*

P

PDB, Str

[83]

epitope3D*

P

PDB, Str

[84]

Antibody-specific epitope predic- EpiPred*
tion

P

PDB, Str, AB-Seq**

[85, 86]

Known epitopes

DA

N, UP

[87]

IEDB
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Table 2 (continued)
Area of interest

Specific property

Epitope specificity

Bioinformatic tool

Label

Input

SAbDab*

DA

N, PDB

[88]

BLAST

C

Seq

[89]

immunoreagent databases were separately collected in
Table 3.
Biomarker suitability survey

Following the discovery of biomarker candidates by
exploratory proteomics studies or other approaches such
as genetic studies or biological pathway analyses [19, 35,
36], the first step of assay development should be a thorough and critical evaluation of those proteins. A selection of a limited number of proteins is often necessary,
as the efforts and costs associated with assay validation
are too great for a multitude of proteins [17]. It is therefore important to be able to single out the most promising candidates. The difference in protein levels between
groups is still the principal consideration for the prioritization of biomarker candidates and different strategies
to select biomarker candidates from proteomics results
have been compared elsewhere [37]. However, this selection can be augmented by additional information about
the proteins’ suitability as biomarkers and as immunoassay targets. Attaining more knowledge about biological
context, protein origin and location, structural protein features, and proteoform complexity is vital to
reveal obvious reasons to include or exclude biomarker
candidates.
Even if a prioritization of biomarker candidates is
not required, e.g., if only a single protein biomarker
will be investigated, its characterization can still be
advantageous.
Immunoreagent survey

Available immunoreagents should be surveyed for the
chosen protein targets. Commercial immunoassay kits
offer the advantage of an antibody pair determined by
the manufacturer and are often preferred. However, if the
assay is not performing successfully or no kit is available,
purchase and validation of commercial, or generation of
novel antibodies is needed. It is advantageous to browse
available immunoreagent databases to consider which
antibodies will fit the researcher’s requirements, e.g.,
regarding validation experiments, specificity and modifications. Experimental validation of the chosen antibodies
at this point is recommended if no sufficient data is provided by the supplier [38].

Step

References

Epitope localization

In the case that a novel antibody pairing needs to be
established for an assay, the choice and combination of
tested antibodies is often done arbitrarily and based on
a trial-and-error approach [39]. This is especially difficult if no trustworthy validation data for the antibodies
is available yet. The application of bioinformatics enables
to rationalize that process to a greater extend. One way
bioinformatics can support assay development at this
stage is through the localization of the distinct area on
the protein target, also referred to as the antigen, that the
antibody will bind to. This area is called the epitope and
can either be a single stretch of amino acids (i.e., a linear epitope) or a patch of amino acids brought together
closely by the fold of the protein (i.e., a conformational
epitope) [40].
While manufacturers often disclose the immunogen,
i.e., the protein or peptide fragment against which the
antibody was raised, this information is not necessarily enlightening. For methods such as ELISA, that are
based on the recognition of the native protein, antibodies
raised against the full-length natively folded protein are
preferred [41, 42]. Thus, as the immunogen contains the
majority of the protein sequence, many areas on the protein surface might constitute the epitope. On the other
hand, it might also occur that only antibodies raised
against peptide fragments are available as these comprise most commercially available immunoreagents [43].
While exact epitopes can be experimentally identified by
epitope mapping, the process is effortful and costly [44].
Bioinformatics provides an easy and fast approach to
approximate and study potential epitope locations which
might then be evaluated regarding their suitability for the
immunoassay. However, the use of computational tools is
still limited and cannot be seen as a substitute of experimental epitope determination.
Epitope‑specific antibody survey

Approximating the epitopes of considered antibodies
in more detail allows to investigate those areas more
thoroughly. Bioinformatics tools can support to identify potential obstacles of antigen-antibody-interaction
which would hinder the protein detection in the assay.
Specifically investigating the epitope-containing region
of the protein target, it can be helpful to examine
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structural protein features, proteoform complexity and protein interactions. Moreover, the epitope
regions should be investigated regarding their specificity and overlap with each other. Thus, bioinformatics resources can facilitate the selection of an antibody
pair with favorable epitopes that are distant from each
other. Less combinations of antibodies might need to
be tested to identify a suitable pairing. Additionally
to computational approaches, experimental study of
antibody characteristics might also be advantageous.
Screening for antibody affinity can usually be added
early in the selection process; an example is the use of
off-rate screening [45].
Immunogenic peptide selection

If no commercial antibodies exist or perform acceptably, production of novel antibodies might be considered for a strong biomarker candidate; it is however a
long and costly endeavor [46]. Antibody production may
be undertaken by research groups themselves or can be
outsourced to specialized companies. Here, several decisions regarding the antibody specifics have to be made at
the beginning regarding clonality (monoclonal vs. polyclonal) and immunogen (full-length protein vs. immunogenic peptide). The use of immunogenic peptides can
be advantageous and cost-saving when the full-length
protein antigen is difficult to purify and handle [43].
Working with a peptide can give a higher control over
the antibody recognition site, but at the same time carries the risk of choosing an epitope shared by other proteins, thus reducing specificity. Therefore, identifying
the regions that would be most and least suitable as an
epitope in the native protein, can support the production
of well functioning antibodies. Similarly to antibody pair
selection, it is important to consider structural protein
features, proteoform complexity, protein interactions,
and epitopes to facilitate the production of adequate
antibodies.
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in turn might lead to an adapted experiment set-up that
produces the desired results.

Bioinformatics tools for biomarker assay
development
In the previous section various areas of interest during assay development were highlighted. Here, we
wish to detail for each area which specific properties
can be investigated, how bioinformatics can be utilized for these tasks at hand, and to introduce specific
tools. Only freely available, easy-to-use and web-based
methods and databases are considered in this review.
We provide at least one state-of-the-art example while
also considering reliability. Note that the pace at which
new tools are released differs strongly between research
fields. This is by no means an exhaustive or complete
list. Where possible, more expansive literature on a certain bioinformatics topic is referenced. A summary of
all mentioned resources as well as a reference to their
associated steps within the workflow of novel immunoassay development (Fig. 2) can be found in Table 2
to allow easy cross-referencing between the workflow
(section 2) and the tools (section 3). Additionally, use
cases for three Alzheimer’s Disease (AD) biomarker
candidates in the following section provide an illustrative application for many of the introduced tools.
Biomarker candidate ID

As an initial step, every potential biomarker’s associated UniProt entry should be identified. The UniProt
Knowledgebase [47] provides an expansive collection
of protein entries that contain their sequence, existing
annotations and cross-references to other databases
and thereby offers an immense collection of valuable
knowledge in itself. UniProt also contains the UniProt
ID (or accession number) and canonical amino acid
sequence that are often required as input for other bioinformatics tools and databases and enable the unique
and stable identification of each protein.

Error analysis

If the assay development failed, an option is to revisit
the list of potential biomarker candidates to make a
novel selection. Beforehand, an error analysis should be
performed on previously tested assays by applying any
omitted bioinformatics tools regarding biological context, protein origin and location, structural protein
features, proteoform complexity, protein interactions
and epitope to understand the potential reasons of failure. An error analysis could reveal the unsuitability of
the target protein or the chosen antibody pairing. This

Biological context

Protein function can elucidate if alteration to the protein expression could be associated with the pathology of interest. Function can be well characterized by
the Gene Ontology (GO) annotations. GO is a defined
and consistent vocabulary that assigns to every protein
associated terms of three major categories: biological
processes, molecular functions, and cellular components [90, 91]. A protein’s GO terms can be viewed in
UniProt entries or more thoroughly via specific online
tools, e.g., QuickGO [48]. Prediction of protein
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function is available for proteins that lack (a complete)
functional annotation albeit it is a difficult prediction
problem: NetGO 2.0 is currently the state-of-the-art
predictor and only requires the protein sequence as
input on its webserver [49].
Knowledge about disease associated interaction partners can also increase the confidence in a biomarker candidate. STRING is a protein-protein-interaction database
collecting information from a vast number of sources
such as text mining, databases, experimental evidence
and computational predictions [50]. The interaction network for a given protein is presented in a graph-based
manner and analysis of functional enrichment within the
network is included as well.
If involvement in disease can be identified, it noticeably increases the confidence in a candidate’s capacity
as a biomarker. Furthermore, it might be important to
establish the protein’s “specificity” as a biomarker for the
intended use. One example of an “unspecific” diagnostic biomarker is neurofilament light; it reliably indicates
axonal damage and is thus considered a cross-disease
biomarker for axonal damage in neurological disorders
[92]. This however limits its suitability for the differential diagnosis of a specific brain pathology as the protein
shows increased levels in various conditions. Curated
disease-association databases give insight if the protein
of interest has been implicated in a pathological state.
The Online Mendelian Inheritance in Man (OMIM) is a
database focused on inheritable diseases and provides a
comprehensive overview of available literature and evidence for its gene-phenotype relationships [51]. The
DisGeNET database integrates information from multiple sources about human gene-disease associations and
ranks the associations by relevance [52].
Protein origin and location

Especially for fluid biomarkers, it is worthwhile to determine a protein’s likely origin by examining its tissuespecific expression. Body fluids can contain proteins
secreted from various organs and tissues; the detection in
a fluid is therefore not providing much certainty yet on a
protein’s origin. For instance, only approximately 20% of
proteins found in CSF are brain-derived [93]. If a CSFdetected protein is predominantly expressed in the brain,
it would strongly increases its promise as a biomarker for
neuropathologies.
Two major protein expression resources are the
Expression Atlas and the Human Protein Atlas (HPA).
Both atlases provide trustworthy data on the tissues
in which a protein has been detected. The Expression
Atlas is a curated collection of gene expression results
providing information on the tissues in which a protein
is expressed and how it changes during disease [53].
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Similarly, the HPA intents to map the entire human proteome to their respective tissues and organs and offers in
addition to a comprehensive Tissue Atlas, also more specialized collections, e.g., the Blood Atlas and the Brain
Atlas [54]. The HPA also provides knowledge about the
human secretome which is of high interest for biomarker
candidates, especially if pathological processes are linked
to the secretion of these proteins [94]. A further resource
especially relevant for fluid biomarker research is the
Human Body Fluid Proteome [55]. It is a collection of 17
types of body fluid proteomes (including blood and CSF)
which offers a confidence score for each human protein
to be detected in a specific fluid based on previously published studies.
The protein’s subcellular localization can show its
potential as a fluid biomarker as its presence in the extracellular region might corroborate its subsequent presence in body fluids. Furthermore, location can provide
additional context on the protein’s function [95]. UniProt
will contain annotations about the associated cell organelles. As often these annotations will not be complete,
subcellular localization predictors are available for further exploration. For instance, DeepLoc-2.0 is a novel
method able to predict in which compartment(s) a protein is likely localized [56].
A more specific, but relevant, circumstance is the presence of the biomarker in an extracellular vesicle (EV)
within the body fluid (Fig. 3A). EVs are secreted by virtually all cell types and are thought to facilitate cell-tocell communication [96]. Their cargo proteins are often
considered strong biomarker candidates as they provide
insight into the state of the originating cells and have
been detected in many fluids [97]. Moreover, they have
been implicated in the propagation of pathologies such as
cancer and neurodegenerative diseases [98, 99]. Interestingly, brain-derived EVs are able to cross the blood-brainbarrier and have previously been isolated from CSF and
plasma [98, 100]. However, the protein cargo can only
be accessed by assay antibodies if those vesicles are isolated and disrupted beforehand [101, 102]. As appropriate steps, e.g., ultracentrifugation, are not included in the
ELISA workflow, one should be aware of a biomarker’s
association with EVs. The EV cargo database Vesiclepedia [57] asserts if a protein of interest has been found in
those vesicles in previous studies.
Structural protein features

Structural protein features might be utilized to explore
the protein’s suitability as an immunoassay target considering the amount of accessible surface area (ASA) that
antibodies can bind to. Information on protein structure
is also vital to determine the localization of epitopes or
potential immunogenic peptides within the full protein.
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Fig. 3 Potential matrix-dependent obstacles of successful antibody binding to fluid protein biomarkers. Several circumstances can arise within
an immunoassay that hide the epitope (blue) from its corresponding antibody. (A) Fluid biomarkers that are located inside EVs are not accessible
for antibodies. (B) A PTM (red) that lies on or close to the epitope might mask it from the antibody. (C) If the interface of a protein interaction with
another present molecule (green) is close or on the epitope, the antibody cannot recognize its binding region. (D) If a protein is accumulating, its
altered structure might hide the epitope within the aggregate

Fig. 4 Structural considerations of accessible and inaccessible epitopes in a sandwich immunoassay. (A) Two antibodies can simultaneously bind
to the same antigen by interacting with their respective linear (blue) or conformational (red) epitope at the surface of the protein structure. (B) The
antibody cannot recognize its epitope (green) as it is buried inside the protein structure, binding to the antigen is unsuccessful. (C) Two epitopes are
close together within the native protein fold and one antibody cannot bind its epitope (teal) as it is blocked by the already bound antibody (blue);
simultaneous binding to the antigen is unsuccessful

An epitope needs to lie at the surface of the protein target
to allow antibody binding (Fig. 4A). If not the full-length
protein, but a subsequence, is used for antibody production [43], the epitope might not actually be located on the
surface but buried inside the core (Fig. 4B). Moreover, for
a sandwich assay approach the position of the epitopes
of capture and detection antibody to each other needs
to be verified to ensure no spatial hindrance (Fig. 4C).
Identical, overlapping or adjacent epitopes would lead to

competitive binding between capture and detection antibody and hence the signal detected would be negatively
affected. Those same considerations are also necessary
for adequate immunogenic peptide selection to ensure its
accessibility in the native protein.
Molecular weight is a basic indication of protein
size. A simple tool for its computation is provided on
the ExPASy Server [58]. It uses UniProt ID or protein
sequence as input and can also be used for domain-,
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region-, or fragment-specific calculation of molecular weight. If a protein is very small, it might simply not
have a sufficiently large ASA to bind two antibodies
simultaneously. Thus, it has been suggested in literature
that a molecular weight of at least 6 kilodaltons (kDa)
is required to use a protein as the antigen in a sandwich
ELISA [30]. However, assays have been established for
smaller molecules, e.g., the AD-implicated amyloid-β 42
has a weight of only 4.52 kDa [103]. Molecular weight is
thus a limited measurement of a protein’s suitability as an
assay target as it is not providing complete information
on the available surface for binding.
Ideally, the researcher has access to the experimentally solved protein structure to investigate its overall
arrangement: a globular protein will contain many buried residues inside its core, while a more extended protein shape allows a larger portion of the residues to be
potentially involved in antibody binding. The solved protein structure can also be used to map the epitope or a
potential immunogen onto it to infer its location within
the 3D structure and thus its accessibility for the binding
antibody.
Experimentally solved structures of proteins and protein complexes are collected and curated in the Protein
Data Bank (PDB) [59, 60]. Entries from the database are
assigned a unique ID and can be downloaded in a standardized format as a PDB file. Structure-based methods
usually require either a PDB ID or file as input. While
novel solved structures are continuously deposited to
the PDB, currently not even 18% of the residues of the
human proteome are covered by experimental structure
determination [104]. A protein will therefore very often
have only a partially solved structure or might be entirely
unresolved. Nevertheless, protein structures can also be
generated using homology modeling. This approach uses
a template structure with a similar sequence to infer the
structure of the protein of interest [105]. One widely used
method that offers this service as a webserver is SWISSMODEL [61] which also provides a linked database of
predicted structure models [62]. SWISS-MODEL homology models have expanded the residue coverage of the
human proteome towards 50% [104].
Recently, a major advance has been made within
protein structure determination due to the release of
AlphaFold, a protein structure predictor that frequently
achieves accuracies at the level of experimental methods
[63]. Alongside the predictor, a database of structure predictions, the AlphaFold Protein Structure Database, has
been published which offers almost full coverage of the
human proteome [64]. These prediction models can be
downloaded in PDB format and used as input for structure-based prediction tools. Similarly to homology models, the accuracy of the predicted protein structures has
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to be evaluated, which is specified by the model’s confidence. Further, the accuracy of AlphaFold’s surface accessibility prediction has not been benchmarked yet. An
in-depth perspective for biologists on the application of
the database as well as its limitations is available [106].
While the mentioned protein structure databases
(PDB, SWISS-MODEL repository and AlphaFold Protein
Structure Database) include incorporated 3D structure
visualization tools, dedicated web-based structure viewers exist offering further functionalities. For instance,
Mol* (“Mol star”) is the standard viewer incorporated
into the PDB and is also available as a stand-alone tool
[65]. It takes either a PDB ID or PDB file as input.
To evaluate local (secondary) protein structure and
surface accessibility, informative structural properties
can also be simply predicted from the protein sequence.
These predictions are often less accurate but are available for any protein or peptide for which the sequence
is known. Commonly predicted characteristics include
ASA, secondary structure and disorder, which can offer
valuable insight into the actual surface area that would
be available for antibody binding in the immunoassay.
A comprehensive collection of structural protein features can be most efficiently acquired from services such
as PredictProtein or NetSurfP-2.0. PredictProtein is a
broad prediction service with over 30 tools of different
structural and functional protein features incorporated
[66]. NetSurfP-2.0 predicts ASA, secondary structure
and structural disorder from protein sequence and has
reported accuracies of 80% and 85% for ASA and secondary structure prediction, respectively [67]. DescribePROT is a database containing over 1.3 million protein
entries for which 13 different properties were predicted
[68]. All three resources offer easy-to-use web servers,
output predictions per residue, and display results as
informative plots.
Intrinsically disordered regions, i.e., regions in the protein lacking a defined folding, are an important property
to consider. These regions can take various configurations in solution, and do not fold into a unique structure
that can be determined experimentally. Such regions
have also been shown to highly overlap with the low
confidence prediction regions of AlphaFold [107]. As
most residues in disordered regions will not fold into a
compact structure, most residues will be exposed to the
solvent, and can provide a large surface for specific binding, i.e., they make suitable epitopes. Indeed, a study by
MacRaild et al. showed epitopes in disordered regions to
be smaller and more efficient in their antibody binding
compared to structured region epitopes [108]. Information specifically on protein disorder has been collected
and made available in several databases. DisProt contains
curated annotations of disordered protein regions [69].
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All entries have been confirmed experimentally and were
collected from scientific literature. MobiDB collects both
curated and derived annotations and predictions from
various sources and provides a disorder consensus for a
protein of interest [70]. Many sequence-based disorder
predictors have been developed and their performance
has been reviewed elsewhere [109]. Several methods
achieve an area under the curve (AUC) above 0.9, demonstrating the reliability of some of these sequence-based
disorder predictors [109]. One recent example is IUPred3
[71].
Proteoform complexity

While it is now established that the human proteome is
made up of approximately 20.000 proteins, this does not
capture the full extend of the proteome diversity as splicing, protein cleavage and post-translational modifications
(PTMs) create various protein variants that stem from
the same gene [110].
Researchers need to be aware of the complexity in
which the biomarker candidates exist in the human body
and establish which proteoforms are of interest for the
specific research question.
It should be established if the aim is to develop an
immunoassay capable of detecting all variants of the protein target or a specific subset, e.g., one splice variant.
Additionally, the knowledge available on existing proteoforms is important to facilitate optimal antibody and
immunogenic peptide choice as potential obstacles, e.g.,
a PTM located in the epitope region, can strongly affect
the binding of an antibody.
About 95% of mammalian genes are affected by alternative splicing after the transcription to mRNA, resulting in multiple protein products derived from the same
gene [111]. The use of specific isoforms or their ratios as
protein biomarkers is gathering increasing attention [111,
112]. This is especially relevant for the biomarker tau protein associated with several diseases termed tauopathies.
Six different isoforms of tau exist in the human brain and
the relative abundance of these isoforms has been shown
to be altered in disease indicating that tau isoform ratios
are suitable biomarker candidates [113]. Isoform-specific
antibodies and immunoassays have been developed for
tau [114] as well as other proteins [115, 116]. Other work
has focused on developing assays that explicitly detect all
known isoforms of a protein target [117]. Isoform specificity is often not reported for commercial antibodies and
is difficult to determine [118]. While additional bands in
western blotting might confirm the existence of splicing
isoforms, the absence of bands may be explained either
by the absence of the isoform from the sample or by the
inability of the antibody to recognize the isoform. Note
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that the exact location of the epitope with respect to the
canonical reference sequence may strongly affect the
ability of an antibody to recognize a specific isoform.
UniProt provides besides the canonical reference
sequence of each protein also the isoforms arising from
alternative splicing.
Similarly, many proteins undergo proteolytic cleavage. Often only the cleaved fragment might serve as a
biomarker; examples include the AD biomarkers amyloid-β and neurogranin [103, 119]. If a fragment is to be
detected by an assay, the location of associated cleavage sites is thus essential. Information about a protein’s
proteolytic processes, any known cleavage sites and the
resultant cleavage products of proteins can be found in
UniProt.
PTMs are receiving increased attention because of
their possible involvement in various diseases [120–122].
Antibodies capable of recognizing modification-specific proteoforms are therefore of high interest within
biomarker assay research. A well-established example
is the tau protein on which numerous PTM sites, most
importantly phosphorylation sites, haven been identified.
Tau’s hyperphosphorylation is regarded as a hallmark
process in AD pathogenesis [26]. The use of ELISA to
quantify the concentration of total tau and its phosphorylated forms has been established firmly [5] and shows
that antibody-based assays can be used for the differentiation of modified and unmodified protein forms. The
specificity of PTM-specific antibodies however has been
questioned [123, 124] and validation is highly necessary.
If unaware of an existing PTM within or close to a biomarker’s epitope, antibody-binding could be negatively
affected (Fig. 3B) [125–127]. Therefore, awareness of
the potential modification of residues is needed when
examining epitopes or choosing immunogenic peptides
to either allow precise recognition of the modified protein form or limit the chance that PTMs negatively affect
the assay. Known PTMs of a protein can be examined
in depth through database searches. UniProt contains
many annotations for modified residues but PTM-specific resources are available as well. PhophoSitePlus is a
curated database of experimentally confirmed modification sites [72]. It provides a graphical overview of the
type, position, and amount of evidence for each modification. iPTMnet collects isoform-specific annotations from
multiple sources and assigns scores to each PTM based
on the available evidence [73]. Various PTM prediction
methods have also been developed; most are focused
on one specific type of modification. In contrast, MusiteDeep is an online tool that allows prediction of many
PTM types given a protein sequence as input [74]. The
predictor achieves AUC values between 0.732 and 0.993
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depending on the PTM type. Further PTM resources
and modification-specific predictors have been reviewed
elsewhere [128].
Protein interactions

Proteomics studies have identified over 3000 proteins
in CSF [129] and over 6000 proteins in the plasma proteome [130]. Hence, it is very likely that proteins interact with other molecules present in the sampled body
fluid (e.g., protein, nucleotides or metabolites). Potential
interactions need to be considered to eliminate the possibility that binding molecules will hinder the biomarker
detection in immunoassays. An investigation of the surface regions affected by intermolecular interactions and
aggregation propensities can help exclude antibodies
with an unfavorable epitope or decide on an immunogenic peptide unaffected by those interactions to ensure
successful antibody-binding.
The formation of protein complexes is vital for most
biological functions. If the interface of a protein interaction site is identical or overlapping with an epitope or
immunogenic peptide, the antibody binding might be
hindered (Fig. 3C). Many studies have been performed to
analyze and predict the binding of proteins to other proteins, nucleic acids or ligands [131]. The previously mentioned tools PredictProtein [66] and DescribePROT [68]
also incorporate predictors of interacting residues. Additionally, DescribePROT includes the molecular recognition feature (MoRF) predictor MoRFchibi [132]. MoRFs
are protein-binding regions within intrinsically disordered regions which are often capable of binding more
than one partner [133, 134]. Several other sequencebased predictors have been developed for this particular
task and a wide selection has been reviewed by Katuwawala et al. [134]. Stand-alone tools also exist in this
field: HybridPBRpred is a recent web-based predictor of
protein-binding residues [75]; ANCHOR2 is available for
the prediction of protein binding regions specifically in
disordered proteins [76].
Databases also provide useful information. InterPro
[77] is a well curated domain database that supports identification of known binding domains. The disorder database MobiDB [70] is also an excellent resource to identify
and examine binding sites in disordered regions: it links
knowledge about interactions from PDB complexes to
the protein sequence, it provides information on the
conformational transitions occurring within disordered
binding sites, and it also includes curated annotations
from the disordered binding site (DIBS) and eukaryotic
linear motifs (ELM) databases [135, 136].
Protein aggregation and oligomerization have high
importance within the pathogenesis of several neurodegenerative diseases [137]. The accumulation of proteins
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as well as the prior formation of oligomeric species is one
of the hallmarks of various neurodegenerative diseases
[138–140] and a strong research effort exists to analyze
these protein aggregates by antibody-based detection
methods [141]. Many conformation-specific antibodies and immunoassays have been developed [141–143].
Lu et al. used a process of solubilizing neurofilament
aggregates before measurement by ELISA [144]. Independent of the desired approach to handle accumulated
proteins, researchers need to be aware that oligomerization and aggregation of a protein can easily cover
epitopes (Fig. 3D). This could lead to the protein concentration being grossly underestimated [145]. Solubility and aggregation are closely and inversely related; both
properties can be predicted by Aggrescan3D 2.0 given a
3D protein structure [78]. To predict solely aggregation
propensity, PASTA 2.0 is a sequence-based alternative
that can highlight the aggregation prone regions within
an amino acid sequence [79]. It might also be advisable
to browse if a protein is included in the amyloid database
AmyPro [80] which collects confirmed amyloidogenic
protein fragments and regions.
Epitopes

Epitope localization and characterization may support a
researcher’s epitope-specific antibody survey and selection if information from the manufacturer is insufficient.
Likely epitope residues can be predicted and thus a more
focused examination of the probable binding region (and
its potential issues regarding antibody access) can be performed. As often at least a broad immunogenic region is
provided for commercial antibodies, it might be helpful
to compare that knowledge with the results derived from
the bioinformatic prediction tools. Additionally, epitope
related tools can be a convenient way to support immunogenic peptide selection as residue stretches predicted
as epitopes will most likely constitute a suitable peptide
for immunization as well.
Figure 5 illustrates the different approaches available
to characterize the epitope or epitopes of an antigen.
While, compared to epitope mapping, computational
approaches offer a more time- and resource-saving strategy to learn about an antigen’s potential epitope regions,
they are less reliable. Various tools exist that differ in the
required input and the accuracy of their prediction.
The most widely applicable tools are sequence-based
epitope predictors as only the protein sequence is
required and many methods have been published with
slightly differing outputs. BepiPred-2.0 is a widely cited
sequence-based predictor for linear epitopes of different length [81]. The tool calculates a probability score for
each residue and displays the residue stretches meeting
an adjustable threshold. For prediction of conformational
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Fig. 5 Available computational and experimental approaches for epitope characterization. Next to epitope mapping, several bioinformatics
tools exist for epitope prediction. Bioinformatics information sources (blue) give access to different types of information (red). Sequence-based,
structure-based and antibody-specific epitope predictors exist that differ regarding the required input data; methods that require more effort
usually offer more accurate results

epitopes from sequence SeRenDIP-CE reported an AUC
of above 0.7 [82]. Structure-based epitope predictors
usually outperform sequence-based approaches in accuracy but are limited in their capacity as a protein structure needs to exist [146]. Two examples are ElliPro [83]
and epitope3D [84].
The aim of the applications mentioned hitherto is the
identification of surface residues that have the potential
to be recognized by antibodies. It might be difficult to
determine which amino acids would ultimately comprise
the epitope for the antibody of interest if many residues
are predicted as epitopes [147]. A proposed solution
for this concern is antibody-specific epitope prediction.
Such methods attempt to predict one distinct epitope on
an antigen given additional information about the antibody to bind [147]. One such tool is EpiPred, part of the
antibody prediction toolbox SAbPred [85, 86]. EpiPred
requires both antigen and antibody structure but has also
shown that its performance is not significantly affected
when using antibody homology models instead of solved
3D structures [85]. SAbPred also provides an antibodyspecific homology modeler, ABodyBuilder [148]; it

requires the antibody sequence as input and the outputted model can then directly be used for EpiPred.
Other epitope resources to be aware of are the Immune
Epitope Database (IEDB) [87] and the Structural Antibody Database (SAbDab) [88]. The IEDB collects confirmed epitopes from experimental data and allows to
search the database for specific organisms, antigen,
host and epitope type. The IEDB also offers the Immunome Browser: epitope data is mapped onto the protein
sequence to allow easy identification of regions tested as
epitopes. SAbDab collects all solved antibody structures
in the PDB and provides coherent and consistent annotations for them.
The uniqueness of an epitope or potential immunogenic peptide is an important characteristic to be
assessed. If an antibody can bind a structure other than
the intended biomarker candidate, a false positive signal
would be the result. Non-specific binding by commercially available antibodies leading to erroneous immunoassays has been reported in many scientific publications
[149–151]. Off-target binding is thus still an active source
for concern when working with commercial antibodies. Epitope specificity can most easily be predicted if
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the immunization was carried out with a small peptide, as the resulting epitope will most likely be a linear
sequence. Basic Local Alignment Search Tool (BLAST)
searches extensive sequence databases for regions with
high sequence similarity to an input sequence [89]. This
tool is therefore ideally suited to identify regions in the
proteome that are highly identical to the epitope region
of the antigen and might result in off-target antibody
binding. If BLAST indicates several highly aligned protein sequences to the linear epitope, the corresponding
antibody might not be suited to dependably bind only the
antigen of interest. If the full-length protein was used for
immunization, the epitope may be conformational. There
is currently no good method to predict the specificity of
conformational epitopes.
Immunoreagent databases

The challenge to search for the most advantageous commercial immunoassay kits or antibodies is a daunting
task. A widely used approach of purchasing many antibodies and kits and testing them in parallel is expensive
and time consuming with no guarantee for success [39].
Frequently, one particular antibody is offered under multiple catalog numbers by different vendors. Antibodies
are often not validated for the desired application or sample type, or the validation has not been performed rigorously enough [38, 46]. This leads to many commercial
antibodies not performing adequately, and their unreliability has been recognized as one of the major contributor to the reproducibility crisis of research [39, 46, 152].
For instance, as part of the HPA project 20.000 commercially available antibodies have been tested for their use
in immunohistochemistry, with less than half of them
performing acceptably [153].
The most convenient and thorough way to survey available and find trustworthy immunoreagents is the use of
antibody validation databases. These collections contain
more objective and reliable antibody and immunoassay
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evaluation data. The product range from multiple suppliers is gathered to be easily compared and the criteria
for validation data are often more stringent. Several of
those databases are described below and summarized in
Table 3.
Antibodypedia [154] provides a catalog of antibodies against human proteins and their available validation data. Submission of antibodies and their associated
validation is open to everyone but must meet the portal’s criteria and is reviewed before publishing. Furthermore, validation data is always application specific and
the search for antibodies can be filtered according to
the desired experiment setup. Antibodypedia assigns
application-specific scores to each antibody based on the
available data, thereby providing a trustworthy and thorough assessment for researchers. A different approach
of antibody evaluation is offered by CiteAb [155]. This
database ranks antibodies according to the number of
peer-reviewed publications that have cited it. This allows
the identification of the antibodies most trusted in the
research community as well as a cross-reference to published validation information. The Antibody Registry
is part of an effort within research reproducibility, the
Resource Identification Initiative [156]. The aim of this
initiative is to provide all used material with a Research
Resource Identifier that can be used to improve reporting
in scientific publications and thereby increase reproducibility of experiments. The Antibody Registry assigns this
permanent identifier (Antibody ID) to every antibody,
allowing researchers to find the associated publications
for every specific antibody based on its ID. It also provides the proper citation style for each antibody. Further
guides include antibodies-online which provides standardized product information and also ranks their range
based on available validation data, and Biocompare which
allows easy filtering and comparison across suppliers.
With this multitude of information sources available a
more exhaustive survey of antibodies and immunoassay

Table 3 Immunoreagent databases. Selection of online databases and catalogs of affinity reagents such as antibodies and
immunoassay kits. Information on the provided filter options, number of antibodies and companies presented on each website, and
website link are specified
Database

Filter options

Antibodies Companies Website

Antibodypedia

Antibody type, application, conjugate, host, reactivity, validation
method

>4.5 million 98

https://www.antibodypedia.com/

CiteAb

Antibody type, application, clonality, conjugate, host, modification, mutation, reactivity, validation method

>5.7 million 280

https://www.citeab.com/

Antibody Registry Clonality, clone ID, host

>2.5 million >500

https://www.antibodyregistry.org/

antibodies-online Antibody type, application, binding specificity, clonality, conjugate, host, isotype, reactivity

>4 million

https://www.antibodies-online.com/

Biocompare

>3.7 million 142

Antibody type, application, clonality, conjugate, host, isotype
modification, reactivity

>250

https://www.biocompare.com/
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kits can be performed. By letting researchers more easily identify trustworthy immunoreagents (and avoid
unreliable ones) for their specific application, antibody
databases can help manage the unreliability problems of
research antibodies. Still, rigorous antibody validation
by the researchers themselves is indispensable [38], and
several excellent guidelines for the best suited antibody
validation process exist [157, 158].

neurogranin and neuromodulin within the IQ domain
both proteins contain. Interestingly, the expected crossreactivity with neuromodulin of antibodies binding the
IQ domain has been confirmed in a recent study [119].
Retrospectively, the information collected through bioinformatics resources and tools could have guided
researchers towards the development of antibodies with
favorable epitopes.

Use cases
To illustrate the use and interpretation of the bioinformatics tools and data resources introduced in this review,
we present use cases for three proteins that are either
established biomarkers or promising candidates for
AD: neurogranin, tau and TREM2. These proteins were
selected to cover a wide range of possible outcomes of the
bioinformatics analysis. As this is a retrospective study of
known or potential biomarkers, there is obvious bias; the
analysis leading to the conclusion that these proteins are
interesting candidates for AD is thus unsurprising. Nevertheless, we still expect that these use cases will serve as
helpful examples how to interpret predictions from bioinformatics tools and annotations from data resources.
The complete use cases are provided as an appendix to
this review (see Additional file 1). Here, we shortly highlight the results we considered most interesting considering the established knowledge about these proteins,
specifically as immunoassay targets.

Tau

Neurogranin

Based on predictions of bioinformatics tools and annotation in data resource neurogranin appears to be an
optimal biomarker candidate. The analysis of its biological context shows a strong association with the brain and
AD. A detailed analysis of the protein’s structure reveals
that the protein is generally stretched-out and shows
a mostly natively disordered protein structure. Hence,
there is a relatively large surface area available for antibody binding despite the low molecular weight of the
protein. Many potential obstacles for successful immunoassay development do not seem to be relevant for
neurogranin, e.g., prediction shows a low probability
to aggregate and there are no known isoforms. During
the computational analysis the C-terminus emerges as
the most suitable site for antibody binding. The assessment of neurogranin by bioinformatics tools agrees with
research findings. Indeed, three successful neurogranin
immunoassay have been developed with the majority of
the antibody epitopes being located in the C-terminal
region [119, 159, 160]. All three assays have been compared by Willemse et al. establishing high correlation
of the assays between each other [161]. One identified
cause for concern is the high sequence similarity between

Examination of predictions and annotations for tau
exposes various obstacles to the successful immunobased
detection. Tau has been found in EVs and it is predicted
to contain several aggregation hot spots. In addition, tau
has a variety of proteoforms because of its many different splice variants and PTM sites. In terms of structure,
the predictions may be more difficult to interpret. The
AlphaFold model of tau has a generally stretched out
structure, with very little inter-residue contacts; there is
only one helical region. This agrees with previous studies
aiming to characterize the structure of tau [162], where
it is indeed found that tau in its soluble form is not compactly folded, but an ensemble of different configurations
with transient secondary structures. In its native form,
tau forms a molten-globule like state; it is therefore more
difficult to predict which residues are available as a binding surface for an antibody. Nevertheless, tau is wellestablished and extensively studied as an immunoassay
target. Tau as a biomarker affirms that identified points of
caution can be taken into account during immunoassay
implementation. The existence of phosphorylation sites
and alternative splicing isoforms of tau is firmly verified
and proven to be tightly associated with the pathogenesis
of various tauopathies [26, 113]. This has indeed been
successfully exploited to develop tau proteoform specific
assays that are used for clinical diagnosis [5]. Measuring
tau in EVs as a biomarker is also actively pursued [163].
The computational analysis identified tau as a protein
prone to aggregation. Aggregation of tau is indeed known
to be one of the hallmarks of AD pathogenesis [164].
TREM2

TREM2, or more specifically its soluble form (sTREM2)
which is comprised of its extracellular region, is comparatively less well established as an AD biomarker. It is
much less specifically expressed in the brain, however,
annotations show a clear connection to the brain, to CSF,
and to AD. Much of the sequence of sTREM2 is part of
the Ig-like domain. As this domain might be involved in
binding an interaction partner and is not unique to the
TREM2 protein, it does not constitute a good epitope
for a TREM2-specific antibody. The C-terminal region of
sTREM2 seems to be a more suitable region for antibody
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binding. Several predictions for TREM2 have to be
considered carefully. The AlphaFold model of TREM2
highlights the limited accuracy for inter-domain positions considering the relative positions between the
transmembrane helix and the extracellular domain. The
aggregation prediction by Aggrescan3D 2.0 relies heavily
on the hydrophobicity of surface residues. The region of
highest aggregation propensity thus corresponds to the
highly hydrophobic transmembrane region; however, this
region is not present in the soluble form. The bioinformatics analysis of TREM2 exemplifies that it is important to consider if the predicted annotations actually fall
within the matrix-specific protein product.

Conclusions
The cross-technology translation gap between MS and
antibody-based assays continues to be a major bottleneck within the biomarker development and thus a
major factor limiting the successful clinical implementation of fluid biomarkers. Therefore, optimization and
rationalization of biomarker assay design should receive
increased attention. In this review, we examined the
typical workflow of novel immunoassay development to
identify steps that can benefit from the incorporation of
bioinformatics tools. We determined areas of interest
during the selection of appropriate biomarker candidates,
antibodies and immunogenic peptides. For each area of
interest we established which specific properties could be
investigated with the aid of online databases, prediction
and visualization tools. For each property of interest we
discussed at least one specific tool and illustrated how
the gained knowledge can enhance or accelerate the assay
development process.
Recent progress within bioinformatics has led to the
release of a vast number of resources useful for fluid protein biomarker research. The value of these tools is constantly increasing as new entries are added to databases,
the performance of prediction tools is improved, and
the integration across different databases is promoted.
Especially the release of AlphaFold and its corresponding
database is expected to strongly increase the prediction
accuracy of methods dependent on protein structures,
e.g., epitope predictors. Note that while the AlphaFold
Structure Database provides researchers with a protein
structure model for every human protein, the use of these
structure models in structure-based predictors should be
gauged for proteins with a high disorder content. As disordered regions are defined by the absence of a definite
structure, prediction on structures of highly disordered
proteins are not meaningful and the use of sequencebased prediction tools is advisable for such regions.
Much effort has been put into making these tools userfriendly for the general researcher. However, incomplete
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knowledge about which types of resources exist and
which would be most suitable for the matter at hand
might discourage many researchers from implementing computational methods in a meaningful way. Hence,
with this review, we aim to present the scope of current
available bioinformatics tools and provide explicit ideas
on how to utilize them for biomarker assay development.
Especially the included use cases on AD biomarker candidates offer an easy demonstration of how to use the
presented tools and resources and critically evaluate the
findings.
While bioinformatics have the potential to save time,
resources and money, the limitations of these computational resources should be contemplated, especially when
basing decisions about the prioritization or exclusion of
biomarker candidates and antibodies on them. The accuracy of the results can vary greatly between prediction
tasks. For instance, while an independent benchmark
study of sequence-based disorder predictors reported
AUC scores up to 0.957 [109], current sequence-based
epitope predictors report lower performance measures
between 0.62 and 0.704 [81, 82]. The difficulty of the prediction task should therefore always be considered when
examining results. Additionally, databases can contain
bias towards well-studied proteins. Proteins that have
been investigated thoroughly have extensive annotations,
while the so far less significant part of the proteome
might be missing many observations. It is important to
remember that the absence of annotations might not present the actual state of a protein, e.g., missing PTM annotations in a database give no guarantee of this protein not
being modified.
In conclusion, we expect this review to provide a valuable introduction into bioinformatics solutions for the
current challenges within the biomarker assay development pipeline. The collection of suitable tools compiled
and categorized here provides a starting point to incorporate the methods and can save time and resources.
Abbreviations
AD: Alzheimer’s Disease; ASA: Accessible surface area; AUC: Area under the
curve; BLAST: Basic Local Alignment Search Tool; CSF: Cerebrospinal fluid;
ELISA: Enzyme-linked immunosorbent assay; EV: Extracellular vesicle; GO:
Gene ontology; HPA: Human Protein Atlas; IEDB: Immune Epitope Database;
kDa: kilodalton; MoRF: Molecular recognition feature; MS: Mass spectrometry;
OMIM: Online Mendelian Inheritance in Man; PDB: Protein Data Base; PTM:
Post-translational modification; SAbDab: Structural Antibody Database.

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s40364-022-00425-w.
Additional file 1: Use cases for dementia protein biomarkers. PDF document of extended use cases for three biomarker candidates of Alzheimer’s
Disease: neurogranin, tau and TREM2. For each biomarker a suitability

Waury et al. Biomarker Research

(2022) 10:83

survey was performed and then compared to the current knowledge of
these proteins. The document contains figures and results of the used
bioinformatics tools and data resources as well as our interpretation of
these results.
Acknowledgements
We would like to thank the researchers who gave us insight into their work,
their thoughts and suggestions regarding the improvement of immunoassay
development: Dr. Marta del Campo (San Pablo CEU University), Dr. Marleen Koel-Simmelink (VUmc), Yanaika Hok-A-Hin (VUmc), Lynn Boonkamp
(VUmc), Nerea Gómez de San José (University of Ulm) and Jose Gavaldá-García
(Vrije Universiteit Brussel). We are grateful to Dr. Anita Bandrowski for providing us with additional information about the Antibody Registry.
Authors’ contributions
KW carried out the literature review and drafted the manuscript. EW acquired
the funding, supervised the writing of the review paper, and critiqued and
revised the manuscript. EV and HZ critiqued and revised the manuscript. CT
acquired funding and critiqued and revised the manuscript. SA supervised
the writing of the review paper and critiqued and revised the manuscript. All
authors read and approved the final manuscript.
Funding
KW, EW, EV, HZ, CT and SA received funding from the European Union’s Horizon 2020 research and innovation programme under the Marie SkłodowskaCurie grant agreement No 860197, the MIRIADE project. HZ is a Wallenberg
Scholar supported by grants from the Swedish Research Council (#201802532), the European Research Council (#681712), Swedish State Support for
Clinical Research (#ALFGBG-720931), the Alzheimer Drug Discovery Foundation (ADDF), USA (#201809-2016862), the AD Strategic Fund and the Alzheimer’s Association (#ADSF-21-831376-C, #ADSF-21-831381-C and #ADSF-21831377-C), the Olav Thon Foundation, the Erling-Persson Family Foundation,
Stiftelsen för Gamla Tjänarinnor, Hjärnfonden, Sweden (#FO2019-0228), and
the UK Dementia Research Institute at UCL. Research of CT is supported by
JPND (bPRIDE), Health Holland, the Dutch Research Council (ZonMW), Alzheimer Drug Discovery Foundation, The Selfridges Group Foundation, Alzheimer
Netherlands, and Alzheimer Association. CT is recipient of ABOARD, which is
a public-private partnership receiving funding from ZonMW (#73305095007)
and Health-Holland, Topsector Life Sciences & Health (PPP-allowance;
#LSHM20106). More than 30 partners participate in ABOARD. ABOARD also
receives funding from Edwin Bouw Fonds and Gieskes-Strijbisfonds. SA
receives funding from the Nederlandse Organisatie voor Wetenschappelijk
Onderzoek (NWO) under project number number 680-91-112.
Availability of data and materials
Not applicable.

Declarations
Ethics approval and consent to participate
Not applicable.
Consent for publication
Not applicable.
Competing interests
EV is a co-founder of ADx NeuroSciences. HZ has served at scientific advisory
boards and/or as a consultant for Abbvie, Alector, Eisai, Denali, Roche
Diagnostics, Wave, Samumed, Siemens Healthineers, Pinteon Therapeutics,
Nervgen, AZTherapies, CogRx, and Red Abbey Labs, has given lectures in
symposia sponsored by Cellectricon, Fujirebio, Alzecure and Biogen, and is
a co-founder of Brain Biomarker Solutions in Gothenburg AB (BBS), which is
a part of the GU Ventures Incubator Program (all outside submitted work).
CT has a collaboration contract with ADx Neurosciences, Quanterix and Eli
Lilly, performed contract research or received grants from AC-Immune, Axon
Neurosciences, Biogen, Brainstorm Therapeutics, Celgene, EIP Pharma, Eisai,
PeopleBio, Roche, Toyama, Vivoryon, and has a speaker contract with Roche.
The MIRIADE project includes the following commercial beneficiaries and

Page 17 of 21

partners: ADxNeuroscience, ENPICOM, LGC Limited, PeopleBio, Inc., Olink,
Quanterix, and Roche.
Author details
1
IBIVU ‑ Center for Integrative Bioinformatics, Department of Computer Science, Vrije Universiteit Amsterdam, Amsterdam, The Netherlands. 2 Departments of Biomedicine and Neurology, MS Center and Research Center for Clinical Neuroimmunology and Neuroscience Basel (RC2NB), University Hospital
Basel, Basel, Switzerland. 3 Department of Clinical Chemistry, Amsterdam
Neuroscience, VU University Medical Center, Amsterdam, The Netherlands.
4
ADx NeuroSciences, Ghent, Belgium. 5 Department of Psychiatry and Neurochemistry, Institute of Neuroscience and Physiology, Sahlgrenska Academy
at the University of Gothenburg, Mölndal, Sweden. 6 Clinical Neurochemistry
Laboratory, Sahlgrenska University Hospital, Mölndal, Sweden. 7 Department
of Neurodegenerative Disease, UCL Institute of Neurology, London, UK.
8
Hong Kong Center for Neurodegenerative Diseases, Hong Kong, China. 9 CWI,
Amsterdam, The Netherlands.
Received: 19 June 2022 Accepted: 25 October 2022

References
1. Califf RM. Biomarker definitions and their applications. Exp Biol Med.
2018;243(3):213–21. https://doi.org/10.1177/1535370217750088.
2. Hansson O. Biomarkers for neurodegenerative diseases. Nat Med.
2021;27(6):954–63. https://doi.org/10.1038/s41591-021-01382-x.
3. Wang X, Kaczor-Urbanowicz KE, Wong DTW. Salivary biomarkers in
cancer detection. Med Oncol. 2016;34(1):7. https://doi.org/10.1007/
s12032-016-0863-4.
4. Teunissen CE, Verheul C, Willemse EAJ. The use of cerebrospinal fluid in
biomarker studies. In: Cerebrospinal Fluid in Neurologic Disorders. vol.
146 of Handbook of Clinical Neurology. Amsterdam: Elsevier; 2018. p.
3–20.
5. Thijssen EH, Joie RL, Strom A, Fonseca C, Iaccarino L, Wolf A, et al.
Plasma phosphorylated tau 217 and phosphorylated tau 181 as
biomarkers in Alzheimer’s disease and frontotemporal lobar degeneration: a retrospective diagnostic performance study. Lancet Neurol.
2021;20(9):739–52. https://doi.org/10.1016/s1474-4422(21)00214-3.
6. Blennow K, Zetterberg H. Biomarkers for Alzheimer’s disease: current
status and prospects for the future. J Intern Med. 2018;284(6):643–63.
https://doi.org/10.1111/joim.12816.
7. Jack CR, Bennett DA, Blennow K, Carrillo MC, Dunn B, Haeberlein SB,
et al. NIA-AA Research Framework: Toward a biological definition of
Alzheimer’s disease. Alzheimers Dement. 2018;14(4):535–62. https://doi.
org/10.1016/j.jalz.2018.02.018.
8. Giamarelou A, Polychronopoulos P, Skokou M, Messinis L, Gourzis P.
Frontotemporal dementia misdiagnosed as schizophrenia or other
psychotic disorder. Eur Psychiatry. 2017;41(S1):s812–s812. https://doi.
org/10.1016/j.eurpsy.2017.01.1575.
9. Beach TG, Monsell SE, Phillips LE, Kukull W. Accuracy of the Clinical Diagnosis of Alzheimer Disease at National Institute on Aging Alzheimer Disease Centers, 2005–2010. J Neuropathol Exp Neurol. 2012;71(4):266–73.
https://doi.org/10.1097/nen.0b013e31824b211b.
10. Nilsson J, Gobom J, Sjödin S, Brinkmalm G, Ashton NJ, Svensson J, et al.
Cerebrospinal fluid biomarker panel for synaptic dysfunction in Alzheimer’s disease. Alzheimers Dement Diagn Assess Dis Monit. 2021;13(1):
e12179. https://doi.org/10.1002/dad2.12179.
11. Laske C, Leyhe T, Stransky E, Hoffmann N, Fallgatter AJ, Dietzsch J.
Identification of a blood-based biomarker panel for classification of
Alzheimer’s disease. Int J Neuropsychopharmacol. 2011;14(9):1147–55.
https://doi.org/10.1017/s1461145711000459.
12. Cummings J. The Role of Biomarkers in Alzheimer’s Disease Drug Development. In: Advances in Experimental Medicine and Biology. vol. 1118.
Cham: Springer International Publishing; 2019. p. 29–61.
13. Teunissen CE, Otto M, Engelborghs S, Herukka SK, Lehmann S, Lewczuk
P, et al. White paper by the Society for CSF Analysis and Clinical Neurochemistry: Overcoming barriers in biomarker development and clinical
translation. Alzheimers Res Ther. 2018;10(1):30. https://doi.org/10.1186/
s13195-018-0359-x.

Waury et al. Biomarker Research

(2022) 10:83

14. Frisoni GB, Boccardi M, Barkhof F, Blennow K, Cappa S, Chiotis K, et al.
Strategic roadmap for an early diagnosis of Alzheimer’s disease based
on biomarkers. Lancet Neurol. 2017;16(8):661–76. https://doi.org/10.
1016/s1474-4422(17)30159-x.
15. Frangogiannis NG. Biomarkers: Hopes and challenges in the path from
discovery to clinical practice. Transl Res. 2012;159(4):197–204.
16. Mavrina E, Kimble L, Waury K, Gogishvili D, de San José NG, Das S,
et al. Multi-Omics Interdisciplinary Research Integration to Accelerate
Dementia Biomarker Development (MIRIADE). Front Neurol. 2022;13.
https://doi.org/10.3389/fneur.2022.890638.
17. del Campo M, Jongbloed W, Twaalfhoven HAM, Veerhuis R, Blankenstein MA, Teunissen CE. Facilitating the Validation of Novel Protein
Biomarkers for Dementia: An Optimal Workflow for the Development of
Sandwich Immunoassays. Front Neurol. 2015;6:202. https://doi.org/10.
3389/fneur.2015.00202.
18. Rifai N, Gillette MA, Carr SA. Protein biomarker discovery and validation: the long and uncertain path to clinical utility. Nat Biotechnol.
2006;24(8):971–83. https://doi.org/10.1038/nbt1235.
19. Parker CE, Borchers CH. Mass spectrometry based biomarker discovery,
verification, and validation - Quality assurance and control of protein
biomarker assays. Mol Oncol. 2014;8(4):840–58. https://doi.org/10.
1016/j.molonc.2014.03.006.
20. Rojo AC, Heylen D, Aerts J, Thas O, Hooyberghs J, Ertaylan G, et al.
Towards Building a Quantitative Proteomics Toolbox in Precision Medicine: A Mini-Review. Front Physiol. 2021;12. https://doi.org/10.3389/
fphys.2021.723510.
21. Lundberg M, Eriksson A, Tran B, Assarsson E, Fredriksson S. Homogeneous antibody-based proximity extension assays provide sensitive and
specific detection of low-abundant proteins in human blood. Nucleic
Acids Res. 2011;39(15):e102–e102. https://doi.org/10.1093/nar/gkr424.
22. Gold L, Ayers D, Bertino J, Bock C, Bock A, Brody EN, et al. AptamerBased Multiplexed Proteomic Technology for Biomarker Discovery. PLoS
ONE. 2010;5(12): e15004. https://doi.org/10.1371/journal.pone.0015004.
23. Pietzner M, Wheeler E, Carrasco-Zanini J, Kerrison ND, Oerton E, Koprulu
M, et al. Synergistic insights into human health from aptamer- and
antibody-based proteomic profiling. Nat Commun. 2021;12(1). https://
doi.org/10.1038/s41467-021-27164-0.
24. Petrera A, von Toerne C, Behler J, Huth C, Thorand B, Hilgendorff A, et al.
Multiplatform Approach for Plasma Proteomics: Complementarity of
Olink Proximity Extension Assay Technology to Mass SpectrometryBased Protein Profiling. J Proteome Res. 2020;20(1):751–62.
25. Rogers JC, Bomgarden RD. Sample Preparation for Mass SpectrometryBased Proteomics; from Proteomes to Peptides. In: Modern Proteomics
– Sample Preparation, Analysis and Practical Applications. Advances
in Experimental Medicine and Biology. Cham: Springer International
Publishing; 2016. p. 43–62.
26. Park S, Lee JH, Jeon JH, Lee MJ. Degradation or aggregation: the
ramifications of post-translational modifications on tau. BMB Rep.
2018;51(6):265–73. https://doi.org/10.5483/bmbrep.2018.51.6.077.
27. Antonelli G, Marinova M, Artusi C, Plebani M. Mass spectrometry or immunoassay: Est modus in rebus. Clin Chem Lab Med.
2017;55(9):1243–5.
28. Frantzi M, Bhat A, Latosinska A. Clinical proteomic biomarkers: relevant
issues on study design & technical considerations in biomarker
development. Clin Transl Med. 2014;3(1):7. https://doi.org/10.1186/
2001-1326-3-7.
29. Yeung D, Ciotti S, Purushothama S, Gharakhani E, Kuesters G, Schlain
B, et al. Evaluation of highly sensitive immunoassay technologies for
quantitative measurements of sub-pg/mL levels of cytokines in human
serum. J Immunol Methods. 2016;437:53–63.
30. Wild D. The Immunoassay Handbook. Amsterdam: Elsevier; 2013.
31. Solier C, Langen H. Antibody-based proteomics and biomarker
research-current status and limitations. Proteomics. 2014;14(6):774–83.
32. Stevens KG, Pukala TL. Conjugating immunoassays to mass spectrometry: Solutions to contemporary challenges in clinical diagnostics. TrAC
Trends Anal Chem. 2020;132: 116064. https://doi.org/10.1016/j.trac.
2020.116064.
33. Fredolini C, Byström S, Pin E, Edfors F, Tamburro D, Iglesias MJ, et al.
Immunocapture strategies in translational proteomics. Expert Rev
Proteomics. 2016;13(1):83–98.

Page 18 of 21

34. van Gool AJ, Bietrix F, Caldenhoven E, Zatloukal K, Scherer A, Litton
JE, et al. Bridging the translational innovation gap through good biomarker practice. Nat Rev Drug Discov. 2017;16(9):587–8.
35. Hristova VA, Chan DW. Cancer biomarker discovery and translation:
proteomics and beyond. Expert Rev Proteomics. 2018;16(2):93–103.
https://doi.org/10.1080/14789450.2019.1559062.
36. Strunz S, Wolkenhauer O, de la Fuente A. Network-Assisted Disease
Classification and Biomarker Discovery. In: Medicine Systems, editor.
Methods in Molecular Biology. New York: Humana Press; 2016. p.
353–74.
37. Christin C, Hoefsloot HCJ, Smilde AK, Hoekman B, Suits F, Bischoff
R, et al. A Critical Assessment of Feature Selection Methods for
Biomarker Discovery in Clinical Proteomics. Mol Cell Proteomics.
2013;12(1):263–76.
38. Taussig MJ, Fonseca C, Trimmer JS. Antibody validation: a view from the
mountains. New Biotechnol. 2018;45:1–8. https://doi.org/10.1016/j.nbt.
2018.08.002.
39. Baker M. Reproducibility crisis: Blame it on the antibodies. Nature.
2015;521(7552):274–6. https://doi.org/10.1038/521274a.
40. Barlow DJ, Edwards MS, Thornton JM. Continuous and discontinuous
protein antigenic determinants. Nature. 1986;322(6081):747–8. https://
doi.org/10.1038/322747a0.
41. Rockberg J, Uhlén M. Prediction of antibody response using
recombinant human protein fragments as antigen. Protein Sci.
2009;18(11):2346–55. https://doi.org/10.1002/pro.245.
42. Forsström B, Axnäs BB, Rockberg J, Danielsson H, Bohlin A, Uhlen M.
Dissecting Antibodies with Regards to Linear and Conformational
Epitopes. PLoS ONE. 2015;10(3): e0121673. https://doi.org/10.1371/
journal.pone.0121673.
43. Brown MC, Joaquim TR, Chambers R, Onisk DV, Yin F, Moriango JM,
et al. Impact of Immunization Technology and Assay Application on
Antibody Performance – A Systematic Comparative Evaluation. PLoS
ONE. 2011;6(12): e28718. https://doi.org/10.1371/journal.pone.0028718.
44. Potocnakova L, Bhide M, Pulzova LB. An Introduction to B-Cell Epitope
Mapping and In Silico Epitope Prediction. J Immunol Res. 2016;2016.
Article ID 6760830. https://doi.org/10.1155/2016/6760830.
45. Ylera F, Harth S, Waldherr D, Frisch C, Knappik A. Off-rate screening
for selection of high-affinity anti-drug antibodies. Anal Biochem.
2013;441(2):208–13. https://doi.org/10.1016/j.ab.2013.07.025.
46. Schonbrunn A. Editorial: Antibody Can Get It Right: Confronting
Problems of Antibody Specificity and Irreproducibility. Mol Endocrinol.
2014;28(9):1403–7. https://doi.org/10.1210/me.2014-1230.
47. The UniProt Consortium. UniProt: the universal protein knowledgebase
in 2021. Nucleic Acids Res. 2020;49(D1):D480–9. https://doi.org/10.
1093/nar/gkaa1100.
48. Binns D, Dimmer E, Huntley R, Barrell D, O’Donovan C, Apweiler R.
QuickGO: a web-based tool for Gene Ontology searching. Bioinformatics. 2009;25(22):3045–6. https://doi.org/10.1093/bioinformatics/btp536.
49. Yao S, You R, Wang S, Xiong Y, Huang X, Zhu S. NetGO 2.0: improving large-scale protein function prediction with massive sequence,
text, domain, family and network information. Nucleic Acids Res.
2021;49(W1):W469–W475. https://doi.org/10.1093/nar/gkab398.
50. Szklarczyk D, Gable AL, Lyon D, Junge A, Wyder S, Huerta-Cepas J, et al.
STRING v11: protein–protein association networks with increased coverage, supporting functional discovery in genome-wide experimental
datasets. Nucleic Acids Res. 2018;47(D1):D607–13. https://doi.org/10.
1093/nar/gky1131.
51. Amberger JS, Bocchini CA, Scott AF, Hamosh A. OMIM.org: leveraging
knowledge across phenotype–gene relationships. Nucleic Acids Res.
2018;47(D1):D1038–D1043. https://doi.org/10.1093/nar/gky1151.
52. Piñero J, Ramírez-Anguita JM, Saüch-Pitarch J, Ronzano F, Centeno E,
Sanz F, et al. The DisGeNET knowledge platform for disease genomics:
2019 update. Nucleic Acids Res. 2019;48(D1):D845–55. https://doi.org/
10.1093/nar/gkz1021.
53. Papatheodorou I, Moreno P, Manning J, Fuentes AMP, George N, Fexova
S, et al. Expression Atlas update: from tissues to single cells. Nucleic
Acids Res. 2019;48(D1):D77–83. https://doi.org/10.1093/nar/gkz947.
54. Uhlen M, Fagerberg L, Hallstrom BM, Lindskog C, Oksvold P, Mardinoglu A, et al. Tissue-based map of the human proteome. Science.
2015;347(6220):1260419–1260419. https://doi.org/10.1126/science.
1260419.

Waury et al. Biomarker Research

(2022) 10:83

55. Shao D, Huang L, Wang Y, Cui X, Li Y, Wang Y, et al. HBFP: a new repository for human body fluid proteome. Database. 2021;2021:baab065.
https://doi.org/10.1093/database/baab065.
56. Thumuluri V, Armenteros JJA, Johansen AR, Nielsen H, Winther O. DeepLoc 2.0: multi-label subcellular localization prediction using protein
language models. Nucleic Acids Res. 2022. https://doi.org/10.1093/nar/
gkac278.
57. Pathan M, Fonseka P, Chitti SV, Kang T, Sanwlani R, Deun JV, et al. Vesiclepedia 2019: a compendium of RNA, proteins, lipids and metabolites
in extracellular vesicles. Nucleic Acids Res. 2018;47(D1):D516–9. https://
doi.org/10.1093/nar/gky1029.
58. Duvaud S, Gabella C, Lisacek F, Stockinger H, Ioannidis V, Durinx C.
Expasy, the Swiss Bioinformatics Resource Portal, as designed by its
users. Nucleic Acids Res. 2021;49(W1):W216–27. https://doi.org/10.
1093/nar/gkab225.
59. Berman HM. The Protein Data Bank. Nucleic Acids Res. 2000;28(1):235–
42. https://doi.org/10.1093/nar/28.1.235.
60. Burley SK, Bhikadiya C, Bi C, Bittrich S, Chen L, Crichlow GV, et al. RCSB
Protein Data Bank: powerful new tools for exploring 3D structures of
biological macromolecules for basic and applied research and education in fundamental biology, biomedicine, biotechnology, bioengineering and energy sciences. Nucleic Acids Res. 2020;49(D1):D437–51.
https://doi.org/10.1093/nar/gkaa1038.
61. Waterhouse A, Bertoni M, Bienert S, Studer G, Tauriello G, Gumienny
R, et al. SWISS-MODEL: homology modelling of protein structures and
complexes. Nucleic Acids Res. 2018;46(W1):W296–303. https://doi.org/
10.1093/nar/gky427.
62. Bienert S, Waterhouse A, de Beer TAP, Tauriello G, Studer G, Bordoli L,
et al. The SWISS-MODEL Repository—new features and functionality.
Nucleic Acids Res. 2016;45(D1):D313–9. https://doi.org/10.1093/nar/
gkw1132.
63. Jumper J, Evans R, Pritzel A, Green T, Figurnov M, Ronneberger O, et al.
Highly accurate protein structure prediction with AlphaFold. Nature.
2021;596(7873):583–9. https://doi.org/10.1038/s41586-021-03819-2.
64. Varadi M, Anyango S, Deshpande M, Nair S, Natassia C, Yordanova G,
et al. AlphaFold Protein Structure Database: massively expanding the
structural coverage of protein-sequence space with high-accuracy
models. Nucleic Acids Res. 2021;50(D1):D439–44. https://doi.org/10.
1093/nar/gkab1061.
65. Sehnal D, Bittrich S, Deshpande M, Svobodová R, Berka K, Bazgier V,
et al. Mol* Viewer: modern web app for 3D visualization and analysis of
large biomolecular structures. Nucleic Acids Res. 2021;49(W1):W431–7.
https://doi.org/10.1093/nar/gkab314.
66. Yachdav G, Kloppmann E, Kajan L, Hecht M, Goldberg T, Hamp
T, et al. PredictProtein—an open resource for online prediction
of protein structural and functional features. Nucleic Acids Res.
2014;42(W1):W337–43. https://doi.org/10.1093/nar/gku366.
67. Klausen MS, Jespersen MC, Nielsen H, Jensen KK, Jurtz VI, Sønderby
CK, et al. NetSurfP-2.0: Improved prediction of protein structural
features by integrated deep learning. Proteins Struct Funct Bioinforma.
2019;87(6):520–527. https://doi.org/10.1002/prot.25674.
68. Zhao B, Katuwawala A, Oldfield CJ, Dunker AK, Faraggi E, Gsponer J,
et al. DescribePROT: database of amino acid-level protein structure and
function predictions. Nucleic Acids Res. 2020;49(D1):D298–308. https://
doi.org/10.1093/nar/gkaa931.
69. Quaglia F, Mészáros B, Salladini E, Hatos A, Pancsa R, Chemes LB, et al.
DisProt in 2022: improved quality and accessibility of protein intrinsic
disorder annotation. Nucleic Acids Res. 2021;50(D1):D480–7. https://doi.
org/10.1093/nar/gkab1082.
70. Piovesan D, Necci M, Escobedo N, Monzon AM, Hatos A, Mičetić I, et al.
MobiDB: intrinsically disordered proteins in 2021. Nucleic Acids Res.
2020;49(D1):D361–7. https://doi.org/10.1093/nar/gkaa1058.
71. Erdős G, Pajkos M, Dosztányi Z. IUPred3: prediction of protein
disorder enhanced with unambiguous experimental annotation
and visualization of evolutionary conservation. Nucleic Acids Res.
2021;49(W1):W297–303. https://doi.org/10.1093/nar/gkab408.
72. Hornbeck PV, Kornhauser JM, Tkachev S, Zhang B, Skrzypek E, Murray B,
et al. PhosphoSitePlus: a comprehensive resource for investigating the
structure and function of experimentally determined post-translational
modifications in man and mouse. Nucleic Acids Res. 2011;40(D1):D261–
70. https://doi.org/10.1093/nar/gkr1122.

Page 19 of 21

73. Huang H, Arighi CN, Ross KE, Ren J, Li G, Chen SC, et al. iPTMnet: an
integrated resource for protein post-translational modification network
discovery. Nucleic Acids Res. 2017;46(D1):D542–50. https://doi.org/10.
1093/nar/gkx1104.
74. Wang D, Liu D, Yuchi J, He F, Jiang Y, Cai S, et al. MusiteDeep: a deeplearning based webserver for protein post-translational modification
site prediction and visualization. Nucleic Acids Res. 2020;48(W1):W140–
6. https://doi.org/10.1093/nar/gkaa275.
75. Zhang J, Ghadermarzi S, Kurgan L. Prediction of protein-binding
residues: dichotomy of sequence-based methods developed using
structured complexes versus disordered proteins. Bioinformatics.
2020;36(18):4729–38. https://doi.org/10.1093/bioinformatics/btaa573.
76. Erdős G, Dosztányi Z. Analyzing Protein Disorder with IUPred2A. Curr
Protoc Bioinforma. 2020;70(1). https://doi.org/10.1002/cpbi.99.
77. Blum M, Chang HY, Chuguransky S, Grego T, Kandasaamy S, Mitchell A,
et al. The InterPro protein families and domains database: 20 years on.
Nucleic Acids Res. 2020;49(D1):D344–54. https://doi.org/10.1093/nar/
gkaa977.
78. Kuriata A, Iglesias V, Pujols J, Kurcinski M, Kmiecik S, Ventura S. Aggrescan3D (A3D) 2.0: prediction and engineering of protein solubility.
Nucleic Acids Res. 2019;47(W1):W300–W307. https://doi.org/10.1093/
nar/gkz321.
79. Walsh I, Seno F, Tosatto SCE, Trovato A. PASTA 2.0: an improved server for
protein aggregation prediction. Nucleic Acids Res. 2014;42(W1):W301–
W307. https://doi.org/10.1093/nar/gku399.
80. Varadi M, Baets GD, Vranken WF, Tompa P, Pancsa R. AmyPro: a database
of proteins with validated amyloidogenic regions. Nucleic Acids Res.
2017;46(D1):D387–92. https://doi.org/10.1093/nar/gkx950.
81. Jespersen MC, Peters B, Nielsen M, Marcatili P. BepiPred-2.0: improving sequence-based B-cell epitope prediction using conformational
epitopes. Nucleic Acids Res. 2017;45(W1):W24–W29. https://doi.org/10.
1093/nar/gkx346.
82. Hou Q, Stringer B, Waury K, Capel H, Haydarlou R, Xue F, et al. SeRenDIPCE: sequence-based interface prediction for conformational epitopes.
Bioinformatics. 2021;37(20):3421–7. https://doi.org/10.1093/bioinforma
tics/btab321.
83. Ponomarenko J, Bui HH, Li W, Fusseder N, Bourne PE, Sette A, et al.
ElliPro: a new structure-based tool for the prediction of antibody
epitopes. BMC Bioinformatics. 2008;9:514. https://doi.org/10.1186/
1471-2105-9-514.
84. da Silva BM, Myung Y, Ascher DB, Pires DEV. epitope3D: a machine
learning method for conformational B-cell epitope prediction. Brief
Bioinform. 2021;23(1). https://doi.org/10.1093/bib/bbab423.
85. Krawczyk K, Liu X, Baker T, Shi J, Deane CM. Improving B-cell epitope
prediction and its application to global antibody-antigen docking. Bioinformatics. 2014;30(16):2288–94. https://doi.org/10.1093/bioinforma
tics/btu190.
86. Dunbar J, Krawczyk K, Leem J, Marks C, Nowak J, Regep C, et al. SAbPred: a structure-based antibody prediction server. Nucleic Acids Res.
2016;44(W1):W474–8. https://doi.org/10.1093/nar/gkw361.
87. Vita R, Mahajan S, Overton JA, Dhanda SK, Martini S, Cantrell JR, et al.
The Immune Epitope Database (IEDB): 2018 update. Nucleic Acids Res.
2018;47(D1):D339–43. https://doi.org/10.1093/nar/gky1006.
88. Dunbar J, Krawczyk K, Leem J, Baker T, Fuchs A, Georges G, et al.
SAbDab: the structural antibody database. Nucleic Acids Res.
2013;42(D1):D1140–6. https://doi.org/10.1093/nar/gkt1043.
89. Altschul S. Gapped BLAST and PSI-BLAST: a new generation of protein
database search programs. Nucleic Acids Res. 1997;25(17):3389–402.
https://doi.org/10.1093/nar/25.17.3389.
90. Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM,
et al. Gene Ontology: tool for the unification of biology. Nat Genet.
2000;25(1):25–9. https://doi.org/10.1038/75556.
91. The Gene Ontology Consortium. The Gene Ontology resource: enriching a GOld mine. Nucleic Acids Res. 2021;49(D1):D325–34.
92. Gaetani L, Blennow K, Calabresi P, Filippo MD, Parnetti L, Zetterberg H.
Neurofilament light chain as a biomarker in neurological disorders. J
Neurol Neurosurg Psychiatry. 2019;90(8):870–81. https://doi.org/10.
1136/jnnp-2018-320106.
93. Tumani H, Huss A, Bachhuber F. The cerebrospinal fluid and barriers – anatomic and physiologic considerations. In: Cerebrospinal Fluid
in Neurologic Disorders. vol. 146 of Handbook of Clinical Neurology.

Waury et al. Biomarker Research

94.
95.
96.
97.
98.

99.
100.

101.
102.

103.

104.
105.
106.
107.
108.
109.
110.
111.
112.

113.
114.

(2022) 10:83

Amsterdam: Elsevier; 2018. p. 21–32. https://doi.org/10.1016/b978-0-
12-804279-3.00002-2.
Uhlén M, Karlsson MJ, Hober A, Svensson AS, Scheffel J, Kotol D, et al.
The human secretome. Sci Signal. 2019;12(609):eaaz0274. https://doi.
org/10.1126/scisignal.aaz0274.
Armenteros JJA, Sønderby CK, Sønderby SK, Nielsen H, Winther O. DeepLoc: prediction of protein subcellular localization using deep learning.
Bioinformatics. 2017;33(21):3387–95.
van Niel G, D’Angelo G, Raposo G. Shedding light on the cell biology of
extracellular vesicles. Nat Rev Mol Cell Biol. 2018;19(4):213–28. https://
doi.org/10.1038/nrm.2017.125.
Gámez-Valero A, Beyer K, Borrás FE. Extracellular vesicles, new
actors in the search for biomarkers of dementias. Neurobiol Aging.
2019;74:15–20.
Watson LS, Hamlett ED, Stone TD, Sims-Robinson C. Neuronally derived
extracellular vesicles: an emerging tool for understanding Alzheimer’s
disease. Mol Neurodegener. 2019;14(1):22. https://doi.org/10.1186/
s13024-019-0317-5.
Becker A, Thakur BK, Weiss JM, Kim HS, Peinado H, Lyden D. Extracellular
Vesicles in Cancer: Cell-to-Cell Mediators of Metastasis. Cancer Cell.
2016;30(6):836–48. https://doi.org/10.1016/j.ccell.2016.10.009.
Mustapic M, Eitan E, Werner JK, Berkowitz ST, Lazaropoulos MP, Tran
J, et al. Plasma Extracellular Vesicles Enriched for Neuronal Origin: A
Potential Window into Brain Pathologic Processes. Front Neurosci.
2017;11:278. https://doi.org/10.3389/fnins.2017.00278.
Guix F, Corbett G, Cha D, Mustapic M, Liu W, Mengel D, et al. Detection
of Aggregation-Competent Tau in Neuron-Derived Extracellular Vesicles. Int J Mol Sci. 2018;19(3):663. https://doi.org/10.3390/ijms19030663.
Nameta M, Saijo Y, Ohmoto Y, Katsuragi K, Yamamoto K, Yamamoto T,
et al. Disruption of Membranes of Extracellular Vesicles Is Necessary for
ELISA Determination of Urine AQP2: Proof of Disruption and Epitopes
of AQP2 Antibodies. nt J Mol Sci. 2016;17(10):1634. https://doi.org/10.
3390/ijms17101634.
Schmidt SD, Mazzella MJ, Nixon RA, Mathews PM. Aβ Measurement
by Enzyme-Linked Immunosorbent Assay. In: Proteins Amyloid, editor. Methods in Molecular Biology. New York: Humana Press; 2012. p.
507–27.
Repository SM. SWISS-MODEL Repository Homo Sapiens (Human).
2021. https://swissmodel.expasy.org/repository/species/9606. Accessed
16 Aug 2021.
Hameduh T, Haddad Y, Adam V, Heger Z. Homology modeling in the
time of collective and artificial intelligence. Comput Struct Biotechnol J.
2020;18:3494–506. https://doi.org/10.1016/j.csbj.2020.11.007.
David A, Islam S, Tankhilevich E, Sternberg MJE. The AlphaFold Database
of Protein Structures: A Biologist’s Guide. J Mol Biol. 2022;434(2): 167336.
https://doi.org/10.1016/j.jmb.2021.167336.
Ruff KM, Pappu RV. AlphaFold and Implications for Intrinsically Disordered Proteins. J Mol Biol. 2021;433(20): 167208. https://doi.org/10.
1016/j.jmb.2021.167208.
MacRaild CA, Richards JS, Anders RF, Norton RS. Antibody Recognition
of Disordered Antigens. Structure. 2016;24(1):148–57. https://doi.org/
10.1016/j.str.2015.10.028.
Katuwawala A, Oldfield CJ, Kurgan L. Accuracy of protein-level disorder
predictions. Brief Bioinform. 2019;21(5):1509–22. https://doi.org/10.
1093/bib/bbz100.
Aebersold R, Agar JN, Amster IJ, Baker MS, Bertozzi CR, Boja ES,
et al. How many human proteoforms are there? Nat Chem Biol.
2018;14(3):206–14. https://doi.org/10.1038/nchembio.2576.
Kim HK, Pham MHC, Ko KS, Rhee BD, Han J. Alternative splicing isoforms
in health and disease. Pflugers Arch - Eur J Physiol. 2018;470(7):995–
1016. https://doi.org/10.1007/s00424-018-2136-x.
Zhang F, Wang M, Michael T, Drabier R. Novel alternative splicing isoform biomarkers identification from high-throughput plasma proteomics profiling of breast cancer. BMC Syst Biol. 2013;7 Suppl 5(Suppl 5):S8.
https://doi.org/10.1186/1752-0509-7-s5-s8.
Liu F, Gong CX. Tau exon 10 alternative splicing and tauopathies. Mol
Neurodegener. 2008;3(1):8. https://doi.org/10.1186/1750-1326-3-8.
Luk C, Giovannoni G, Williams DR, Lees AJ, de Silva R. Development of a
sensitive ELISA for quantification of three- and four-repeat tau isoforms
in tauopathies. J Neurosci Methods. 2009;180(1):34–42. https://doi.org/
10.1016/j.jneumeth.2009.02.015.

Page 20 of 21

115. Wei T, Zhang W, Tan Q, Cui X, Dai Z. Electrochemical Assay of the Alpha
Fetoprotein-L3 Isoform Ratio To Improve the Diagnostic Accuracy of
Hepatocellular Carcinoma. Anal Chem. 2018;90(21):13051–8. https://
doi.org/10.1021/acs.analchem.8b04045.
116. Vernes JM, Meng YG. Detection and Quantification of VEGF Isoforms
by ELISA. In: Signaling VEGF, editor. Methods in Molecular Biology. New
York: Humana Press; 2015. p. 25–37.
117. Gadermaier E, Tesarz M, Suciu AAM, Wallwitz J, Berg G, Himmler G.
Characterization of a sandwich ELISA for the quantification of all human
periostin isoforms. J Clin Lab Anal. 2017;32(2): e22252. https://doi.org/
10.1002/jcla.22252.
118. Liu X, Wang Y, Yang W, Guan Z, Yu W, Liao DJ. Protein multiplicity can
lead to misconduct in western blotting and misinterpretation of immunohistochemical staining results, creating much conflicting data. Prog
Histochem Cytochem. 2016;51(3–4):51–8. https://doi.org/10.1016/j.
proghi.2016.11.001.
119. Nazir FH, Camporesi E, Brinkmalm G, Lashley T, Toomey CE, Kvartsberg
H, et al. Molecular forms of neurogranin in cerebrospinal fluid. J Neurochem. 2020;157(3):816–33. https://doi.org/10.1111/jnc.15252.
120. Thomas D, Rathinavel AK, Radhakrishnan P. Altered glycosylation in
cancer: A promising target for biomarkers and therapeutics. Biochim
Biophys Acta Rev Cancer. 2021;1875(1): 188464. https://doi.org/10.
1016/j.bbcan.2020.188464.
121. Tomin T, Schittmayer M, Honeder S, Heininger C, Birner-Gruenberger R.
Irreversible oxidative post-translational modifications in heart disease.
Expert Rev Proteomics. 2019;16(8):681–93. https://doi.org/10.1080/
14789450.2019.1645602.
122. Marcelli S, Corbo M, Iannuzzi F, Negri L, Blandini F, Nistico R, et al. The
Involvement of Post-Translational Modifications in Alzheimer’s Disease.
Curr Alzheim Res. 2018;15(4):313–35. https://doi.org/10.2174/15672
05014666170505095109.
123. Kissel T, Reijm S, Slot L, Cavallari M, Wortel C, Vergroesen R, et al.
Antibodies and B cells recognising citrullinated proteins display a
broad cross-reactivity towards other post-translational modifications.
Ann Rheum Dis. 2020;79(4):472–80. https://doi.org/10.1136/annrh
eumdis-2019-216499.
124. Hattori T, Koide S. Next-generation antibodies for post-translational
modifications. Curr Opin Struct Biol. 2018;51:141–8. https://doi.org/10.
1016/j.sbi.2018.04.006.
125. Coppieters N, Merry S, Patel R, Highet B, Curtis MA. Polysialic acid masks
neural cell adhesion molecule antigenicity. Brain Res. 2019;1710:199–
208. https://doi.org/10.1016/j.brainres.2018.12.035.
126. Fuchs SM, Krajewski K, Baker RW, Miller VL, Strahl BD. Influence of
Combinatorial Histone Modifications on Antibody and Effector Protein
Recognition. Curr Biol. 2011;21(1):53–8. https://doi.org/10.1016/j.cub.
2010.11.058.
127. Cloos PAC, Christgau S. Post-Translational Modifications of Proteins:
Implications for Aging, Antigen Recognition, and Autoimmunity.
Biogerontology. 2004;5(3):139–58. https://doi.org/10.1023/b:bgen.
0000031152.31352.8b.
128. He W, Wei L, Zou Q. Research progress in protein posttranslational
modification site prediction. Brief Funct Genom. 2018;18(4):220–9.
https://doi.org/10.1093/bfgp/ely039.
129. Macron C, Lavigne R, Galindo AN, Affolter M, Pineau C, Dayon L. Exploration of human cerebrospinal fluid: A large proteome dataset revealed
by trapped ion mobility time-of-flight mass spectrometry. Data Brief.
2020;31: 105704. https://doi.org/10.1016/j.dib.2020.105704.
130. Geyer PE, Voytik E, Treit PV, Doll S, Kleinhempel A, Niu L, et al. Plasma
Proteome Profiling to detect and avoid sample-related biases in biomarker studies. EMBO Mol Med. 2019;11(11):e10427. https://doi.org/10.
15252/emmm.201910427.
131. Zhao J, Cao Y, Zhang L. Exploring the computational methods for
protein-ligand binding site prediction. Comput Struct Biotechnol J.
2020;18:417–26. https://doi.org/10.1016/j.csbj.2020.02.008.
132. Malhis N, Jacobson M, Gsponer J. MoRFchibi SYSTEM: software tools
for the identification of MoRFs in protein sequences. Nucleic Acids Res.
2016;44(W1):W488–93. https://doi.org/10.1093/nar/gkw409.
133. Hsu WL, Oldfield CJ, Xue B, Meng J, Huang F, Romero P, et al. Exploring
the binding diversity of intrinsically disordered proteins involved in
one-to-many binding. Protein Sci. 2013;22(3):258–73. https://doi.org/
10.1002/pro.2207.

Waury et al. Biomarker Research

(2022) 10:83

134. Katuwawala A, Peng Z, Yang J, Kurgan L. Computational Prediction of
MoRFs, Short Disorder-to-order Transitioning Protein Binding Regions.
Comput Struct Biotechnol J. 2019;17:454–62. https://doi.org/10.1016/j.
csbj.2019.03.013.
135. Schad E, Fichó E, Pancsa R, Simon I, Dosztányi Z, Mészáros B. DIBS: a
repository of disordered binding sites mediating interactions with
ordered proteins. Bioinformatics. 2017;34(3):535–7. https://doi.org/10.
1093/bioinformatics/btx640.
136. Kumar M, Michael S, Alvarado-Valverde J, Mészáros B, Sámano-Sánchez
H, Zeke A, et al. The Eukaryotic Linear Motif resource: 2022 release.
Nucleic Acids Res. 2021;50(D1):D497–508. https://doi.org/10.1093/nar/
gkab975.
137. Pedersen JT, Heegaard NHH. Analysis of Protein Aggregation in Neurodegenerative Disease. Anal Chem. 2013;85(9):4215–27. https://doi.org/
10.1021/ac400023c.
138. Delenclos M, Burgess JD, Lamprokostopoulou A, Outeiro TF, Vekrellis K,
McLean PJ. Cellular models of alpha-synuclein toxicity and aggregation.
J Neurochem. 2019;150(5):566–76. https://doi.org/10.1111/jnc.14806.
139. Chen Y, Cohen TJ. Aggregation of the nucleic acid–binding protein TDP43 occurs via distinct routes that are coordinated with stress granule
formation. J Biol Chem. 2019;294(10):3696–706. https://doi.org/10.
1074/jbc.ra118.006351.
140. Aleksis R, Oleskovs F, Jaudzems K, Pahnke J, Biverstål H. Structural studies of amyloid-β peptides: Unlocking the mechanism of aggregation
and the associated toxicity. Biochimie. 2017;140:176–92. https://doi.
org/10.1016/j.biochi.2017.07.011.
141. Bruggink KA, Jongbloed W, Biemans EALM, Veerhuis R, Claassen JAHR,
Kuiperij HB, et al. Amyloid-β oligomer detection by ELISA in cerebrospinal fluid and brain tissue. Anal Biochem. 2013;433(2):112–20. https://
doi.org/10.1016/j.ab.2012.09.014.
142. Lassen LB, Gregersen E, Isager AK, Betzer C, Kofoed RH, Jensen PH. ELISA
method to detect α-synuclein oligomers in cell and animal models.
PLoS ONE. 2018;13(4): e0196056. https://doi.org/10.1371/journal.pone.
0196056.
143. Lambert MP, Velasco PT, Chang L, Viola KL, Fernandez S, Lacor PN, et al.
Monoclonal antibodies that target pathological assemblies of Aβ. J
Neurochem. 2007;100(1):23–35. https://doi.org/10.1111/j.1471-4159.
2006.04157.x.
144. Lu CH, Kalmar B, Malaspina A, Greensmith L, Petzold A. A method to
solubilise protein aggregates for immunoassay quantification which
overcomes the neurofilament “hook’’ effect. J Neurosci Methods.
2011;195(2):143–50. https://doi.org/10.1016/j.jneumeth.2010.11.026.
145. Stenh C, Englund H, Lord A, Johansson AS, Almeida CG, Gellerfors P,
et al. Amyloid-β oligomers are inefficiently measured by enzyme-linked
immunosorbent assay. Ann Neurol. 2005;58(1):147–50. https://doi.org/
10.1002/ana.20524.
146. Gao J, Kurgan L. Computational Prediction of B Cell Epitopes from
Antigen Sequences. In: Immunoinformatics. vol. 1184 of Methods in
Molecular Biology. New York: Humana Press; 2014. p. 197–215.
147. Sela-Culang I, Ofran Y, Peters B. Antibody specific epitope prediction Emergence of a new paradigm. Curr Opin Virol. 2015;11:98–102.
148. Leem J, Dunbar J, Georges G, Shi J, Deane CM. ABodyBuilder: Automated antibody structure prediction with data–driven accuracy estimation. mAbs. 2016;8(7):1259–1268. https://doi.org/10.1080/19420862.
2016.1205773.
149. Frohner IE, Mudrak I, Kronlachner S, Schüchner S, Ogris E. Antibodies
recognizing the C terminus of PP2A catalytic subunit are unsuitable
for evaluating PP2A activity and holoenzyme composition. Sci Signal.
2020;13(616):eaax6490. https://doi.org/10.1126/scisignal.aax6490.
150. Prassas I, Brinc D, Farkona S, Leung F, Dimitromanolakis A, Chrystoja CC,
et al. False Biomarker Discovery due to Reactivity of a Commercial ELISA
for CUZD1 with Cancer Antigen CA125. Clin Chem. 2014;60(2):381–8.
https://doi.org/10.1373/clinchem.2013.215236.
151. Herrera M, Sparks MA, Alfonso-Pecchio AR, Harrison-Bernard LM,
Coffman TM. Lack of Specificity of Commercial Antibodies Leads to
Misidentification of Angiotensin Type 1 Receptor Protein. Hypertension.
2013;61(1):253–8. https://doi.org/10.1161/hypertensionaha.112.203679.
152. Weller MG. Quality Issues of Research Antibodies. Anal Chem Insights.
2016;11:21–7. https://doi.org/10.4137/aci.s31614.
153. Berglund L, Björling E, Oksvold P, Fagerberg L, Asplund A, Szigyarto CAK,
et al. A Genecentric Human Protein Atlas for Expression Profiles Based

Page 21 of 21

154.
155.

156.
157.

158.
159.

160.

161.

162.

163.

164.

on Antibodies. Mol Cell Proteomics. 2008;7(10):2019–27. https://doi.
org/10.1074/mcp.r800013-mcp200.
Björling E, Uhlén M. Antibodypedia, a Portal for Sharing Antibody and
Antigen Validation Data. Mol Cell Proteomics. 2008;7(10):2028–37.
https://doi.org/10.1074/mcp.m800264-mcp200.
Helsby MA, Leader PM, Fenn JR, Gulsen T, Bryant C, Doughton G, et al.
CiteAb: a searchable antibody database that ranks antibodies by the
number of times they have been cited. BMC Cell Biol. 2014;15:6. https://
doi.org/10.1186/1471-2121-15-6.
Bandrowski A, Brush M, Grethe JS, Haendel MA, Kennedy DN, Hill S,
et al. The Resource Identification Initiative: a cultural shift in publishing.
Brain Behav. 2015;6(1): e00417. https://doi.org/10.1002/brb3.417.
Roncador G, Engel P, Maestre L, Anderson AP, Cordell JL, Cragg MS, et al.
The European antibody network’s practical guide to finding and validating suitable antibodies for research. mAbs. 2015;8(1):27–36. https://
doi.org/10.1080/19420862.2015.1100787.
Uhlen M, Bandrowski A, Carr S, Edwards A, Ellenberg J, Lundberg E, et al.
A proposal for validation of antibodies. Nat Methods. 2016;13(10):823–
7. https://doi.org/10.1038/nmeth.3995.
De Vos A, Struyfs H, Jacobs D, Fransen E, Klewansky T, De Roeck E,
et al. The Cerebrospinal Fluid Neurogranin/BACE1 Ratio is a Potential
Correlate of Cognitive Decline in Alzheimer’s Disease. J Alzheim Dis.
2016;53(4):1523–38. https://doi.org/10.3233/JAD-160227.
Kester MI, Teunissen CE, Crimmins DL, Herries EM, Ladenson JH,
Scheltens P, et al. Neurogranin as a Cerebrospinal Fluid Biomarker
for Synaptic Loss in Symptomatic Alzheimer Disease. JAMA Neurol.
2015;72(11):1275. https://doi.org/10.1001/jamaneurol.2015.1867.
Willemse EAJ, Vos AD, Herries EM, Andreasson U, Engelborghs S, van der
Flier WM, et al. Neurogranin as Cerebrospinal Fluid Biomarker for Alzheimer Disease: An Assay Comparison Study. Clin Chem. 2018;64(6):927–
37. https://doi.org/10.1373/clinchem.2017.283028.
Popov KI, Makepeace KAT, Petrotchenko EV, Dokholyan NV, Borchers
CH. Insight into the Structure of the “Unstructured’’ Tau Protein. Structure. 2019;27(11):1710-1715.e4. https://doi.org/10.1016/j.str.2019.09.
003.
Kapogiannis D, Mustapic M, Shardell MD, Berkowitz ST, Diehl TC,
Spangler RD, et al. Association of Extracellular Vesicle Biomarkers With
Alzheimer Disease in the Baltimore Longitudinal Study of Aging. JAMA
Neurol. 2019;76(11):1340. https://doi.org/10.1001/jamaneurol.2019.
2462.
Jouanne M, Rault S, Voisin-Chiret AS. Tau protein aggregation in
Alzheimer’s disease: An attractive target for the development of novel
therapeutic agents. Eur J Med Chem. 2017;139:153–67. https://doi.org/
10.1016/j.ejmech.2017.07.070.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research ? Choose BMC and benefit from:

• fast, convenient online submission
• thorough peer review by experienced researchers in your field
• rapid publication on acceptance
• support for research data, including large and complex data types
• gold Open Access which fosters wider collaboration and increased citations
• maximum visibility for your research: over 100M website views per year
At BMC, research is always in progress.
Learn more biomedcentral.com/submissions

