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ABSTRACT: A steady increase in the incidence of osteoarthritis and other rheumatic diseases has been observed in
recent decades, including autoimmune conditions such as
rheumatoid arthritis, spondyloarthropathies, systemic lupus
erythematosus, systemic sclerosis, and Sjögren’s syndrome.
Rheumatic and autoimmune diseases (RADs) are characterized by the inﬂammation of joints, muscles, or other
connective tissues. In addition to often experiencing
debilitating mobility and pain, RAD patients are also at a
higher risk of suﬀering comorbidities such as cardiovascular or
infectious events. Given the socioeconomic impact of RADs,
broad research eﬀorts have been dedicated to these diseases
worldwide. In the present work, we applied literature mining platforms to identify “popular” proteins closely related to RADs.
The platform is based on publicly available literature. The results not only will enable the systematic prioritization of candidates
to perform targeted proteomics studies but also may lead to a greater insight into the key pathogenic processes of these
disorders.
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1. INTRODUCTION

many cases, an association with increased cardiovascular
mortality and morbidity.2 The results of the Global Burden
of Disease study carried out by the World Health Organization
(WHO) in 2010 showed that the prevalence and morbidity of
these diseases is exceptionally high worldwide, accounting for
21.3% of the total global years lived with disability.3 For all of
these reasons, RMDs have a great impact on the quality of life

Rheumatic and musculoskeletal diseases (RMDs) are pathological conditions aﬀecting joints and connective tissues,
causing intermittent or chronic pain and inﬂammation. This
term covers more than 200 diﬀerent conditions whose
etiologies, epidemiologies, and clinical manifestations can
diﬀer widely,1 such as osteoarthritis (OA), rheumatoid arthritis
(RA), or systemic lupus erythematosus (SLE). However, they
are globally characterized by their overall high prevalence in
the general population, their tendency for chronicity, their
potential to cause disability or functional limitation, and, in
© 2019 American Chemical Society

Special Issue: Human Proteome Project 2019
Received: May 31, 2019
Published: October 10, 2019
4231

DOI: 10.1021/acs.jproteome.9b00360
J. Proteome Res. 2019, 18, 4231−4239

Article

Journal of Proteome Research

Figure 1. Popular proteins in rheumatic and autoimmune diseases. (A) Absolute number of proteins related to the ﬁeld of RADs, according to the
PURPOSE tool, and the processes in which they are involved. (B) Number of publications associated with each of the seven representative RADs
included in this study, in both human (left) and mouse models (right). (C) Number of proteins included in the retrieved publications. OA,
osteoarthritis; RA, rheumatoid arthritis; PsA, psoriatic arthritis; AS, ankylosing spondylitis; SLE, systemic lupus erythematosus; SSc, systemic
sclerosis; and SjS, Sjögren’s syndrome.

of the people who suﬀer them. In addition, many of these
pathologies are increased in an aging population, so it is
expected that their socioeconomic impact will further increase
in the coming years.
Although the exact etiology of these diseases has not been
fully established in many cases, it is known that many RMDs
are autoimmune disorders (ADs) and, more speciﬁcally,
autoimmune connective tissue disorders (ACTDs). Many of
these cause substantial morbidity and mortality in patients,
such as RA, SLE, and systemic sclerosis (scleroderma, SSc).
The RAD initiative of the Human Proteome Project (RADHPP) was launched at the 2017 International HUPO meeting
in Dublin, Ireland. The aim of the initiative is to tackle the
unmet clinical needs in RADs, such as the development of
improved diagnostics, the identiﬁcation of novel drug targets,
the establishment of targeted interventions, and improvement
in clinical management using proteomics and its allied OMICs

approaches. One of the immediate scientiﬁc goals of this
initiative, under the frame of the biology-and-disease-centric
strategy of the HPP (B/D-HPP),4,5 is to assemble prioritized
lists of proteins clinically relevant in RADs using the so-called
“popular proteins” strategy and text mining software.6,7
Remarkably, none of the tissues most aﬀected in arthritis,
such as articular cartilage, synovial tissue, or bone, are currently
included in the Human Protein Atlas, even though such eﬀorts
have been initiated.8 Furthermore, available proteomic data are
limited to the human bone and pig/horse synovial ﬂuid from
the PeptideAtlas repository.9 In addition to this lack of
information in the ﬁeld of proteomics, these tissues are also not
represented in gene expression databases such as the
Genotype-Tissue Expression (GTEx) portal.10
Literature records in the PubMed database currently exceed
29 million as of November 2018, of which 17.64 million are
associated with proteins. Recently developed tools, such as
4232
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Figure 2. Top ﬁve most popular proteins in each of the seven representative RADs included in this study, according to the PubPular v3.1 and
PURPOSE tools.

PubPular6 and the Protein Universal Reference PublicationOriginated Search Engine (PURPOSE),11 allow the systematic
identiﬁcation and prioritization of proteins related to a topic of
interest. In this study, we apply these publicly available
literature-mining platforms to focus on the ﬁeld of RADs. The
identiﬁcation of proteins most strongly associated with RADs
(“popular” or “high-priority” proteins in this topic) not only
will enable the systematic prioritization of candidates to
perform targeted proteomics studies but also would allow a
greater insight into the key pathogenic processes of these
disorders. Furthermore, it would enable the interrogation of
those proteins, which may be shared between RADs and other
conditions (e.g., cardiovascular or infectious).

disease-speciﬁc publications, we used the following terms:
“autoimmune disease”, “rheumatic disease”, “autoimmune
connective tissue disease”, “osteoarthritis”, “rheumatoid
arthritis”, “spondyloarthropathy”, “ankylosing spondylitis”,
“psoriatic arthritis”, “systemic lupus erythematosus”, “systemic
sclerosis”, and “Sjögren’s syndrome”. Whereas only human
proteins were ranked with PubPular, the searches in the
PURPOSE tool were performed for both human (Homo
sapiens) and mouse (Mus musculus). The lists of popular
proteins associated with RADs have been uploaded to
PeptideAtlas and can be accessed via http://www.
peptideatlas.org/PASS/PASS01449.
To evaluate the overlap with other HPP initiatives, we
queried both in PubPular and PURPOSE using the
terminology included in the “HPP Targeted Area” of the
latter engine: “rheumatic” for the RAD initiative, “cardiovascular” for the cardiovascular initiative, “infectious OR
infection” for the infectious diseases initiative, “immune OR
immune system” for the immune peptidome initiative, and
“muscle OR bone OR musculoskeletal” for the musculoskeletal
initiative.

2. MATERIALS AND METHODS
2.1. Literature Mining Software

To identify the most commonly associated proteins in the ﬁeld
of RADs, we employed two data mining software programs/
algorithms: PubPular and PURPOSE. The PubPular tool
determines the relevance of a protein in a topic of interest by
the calculation of the normalized copublication distance
(NCD, PubPular v2.3)6 and, in a more recent version, the
weighted copublication distance (WCD, PubPular v3.1),12
whereas the PURPOSE method prioritizes the proteins
according to their protein publication score (PURPOSE
score).11 Both algorithms take into account the number of
publications related to the protein and topic of interest.

2.3. Data Analysis

Proteins were found for each topic, as previously mentioned,
and identiﬁed using their UniProt accessions. For postanalyses,
Gene Ontology terms associated with the identiﬁed proteins
using the QuickGO tool were retrieved from the European
Bioinformatics Institute (https://www.ebi.ac.uk/QuickGO/).
The STRING v 10.5 tool (https://string-db.org/) was
employed to visualize functional protein association networks
and further GO analyses. Signiﬁcant enrichment of annotations
in a protein list over the background was calculated with the

2.2. Keywords

The strategy was addressed in two steps: ﬁrst, searching for
high-priority proteins in speciﬁc representative RADs; then,
evaluating shared hits between diﬀerent RADs. To interrogate
4233
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Figure 3. Functional networks built with popular proteins in three representative RADs. (A) Osteoarthritis, (B) rheumatoid arthritis, and (C)
systemic lupus erythematosus. To facilitate the visualization, the ﬁgure shows only representative results obtained with the top 50 ranked proteins
in each disease using the PURPOSE engine. Colors refer to the biological processes in which these proteins participate: pink, ECM organization;
red, cytokine production; blue, inﬂammatory response; and green, immune system process. Functional networks obtained for the other four
diseases analyzed in this study are provided in Supplementary Figure S1.

the context of rheumatic diseases (RDs). Although the
searches were performed in all cases with the two literature
mining engines, Figure 1 illustrates the results from PURPOSE
because only this tool allowed the analysis on species diﬀerent
from human. As shown in Figure 1A, AD and RD shared
almost 2500 proteins, which mainly participate in immune and
inﬂammatory processes. A reduced number of proteins (337,
12%) were speciﬁcally related to RD in the literature, with no
overlap with autoimmunity. Proteins included in this latter
group were primarily related to the biology of connective and
articular tissues or associated with OA, which is the most
prevalent RD and is not an AD. Completely embedded
between RD and AD is the term “ACTDs”, which included
1248 proteins that participate in immune and inﬂammatory
processes. The segregation of the publications and identiﬁed
proteins into representative RADs is illustrated in Figure 1B,C.
The highest numbers of proteins were identiﬁed for RA, SLE,
and OA. The PubPular tool identiﬁed a number of proteins

adjustment of the false discovery rate using the Benjamini−
Hochberg method. The data were visualized using diﬀerent
Venn diagram tools: Venn diagram (http://bioinformatics.psb.
ugent.be/webtools/Venn/), BioVenn (http://www.biovenn.
nl/), and InteractiVenn (http://www.interactivenn.net/
index2.html).

3. RESULTS
The results presented here are based on an analysis of the
protein-associated data as of January 2019 from around 17.6
million publications and using the keywords deﬁned in the
Materials and Methods section.
3.1. Proteins Associated with Rheumatic and Autoimmune
Disorders

439 629 papers were identiﬁed by literature mining up until
January 2019 that collectively describe 4328 proteins in the
context of ADs and 212 524 papers describing 2810 proteins in
4234
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associated with RADs, approximately two times higher
compared with PURPOSE in all searches but retaining the
same proportions between diseases (where RA is the pathology
with the highest number of associated proteins and PsA is the
pathology with the lowest number). Apart from human, the
most studied animal model has been the mouse, with up to 796
murine proteins identiﬁed that are associated with RA. For this
disease, mouse models include collagen-induced arthritis (CIA,
an active immunization strategy) and also antibody-induced
arthritis models (passive immunization strategies), such as
collagen antibody-induced arthritis (CAIA) and K/BxN
antibody transfer arthritis.13 As shown in Figure 1B,C, the
proportion between human and murine protein identiﬁcations
in RADs (around one-third in mouse compared with what is
reported in humans) is maintained for all of the representative
diseases except psoriatic arthritis (PsA) and ankylosing
spondylitis (AS), in which the amount of murine proteins is
signiﬁcantly lower. Animal models for these two diseases are
less commonly used and generally restricted to HLA-27
transgenic rats or SKG mice (a monogenic model of
autoimmune arthritis).14
We next used the PubPular v3 and PURPOSE tools to rank
the proteins speciﬁcally related to each of these representative
RADs as “popular” or “high-priority” proteins. Figure 2 shows
the ﬁve most popular proteins for each of these disorders
obtained with the two diﬀerent engines, which gives an initial
indication of the primary pathways and functions related to
each pathological process. The top 100 proteins in each disease
are listed in Supplementary Tables S1 (PubPular) and S2
(PURPOSE). These lists have been uploaded to PeptideAtlas,
where they can be accessed with the data set identiﬁer
PASS01449.

Among the other groups of proteins most represented in this
top-100 list are bone morphogenetic proteins, diﬀerentiation
factors, and proteins related to inﬂammatory processes. Gene
ontology analysis showed an enrichment of processes related to
ECM organization and disassembly, collagen catabolism,
ossiﬁcation, and the development of the skeletal system,
cartilage, or connective tissues (Supplementary Table S3). This
can also be visualized through the study of functional protein
association networks, which are shown in Figure 3. Proteins
involved in ECM organization processes are highly represented
in OA (Figure 3A, colored in pink), in contrast with those seen
in two other very diverse RADs, RA (which has a mainly
inﬂammatory phenotype, colored in blue in Figure 3B) and
SLE (with a key autoimmune component, green in Figure 3C).
The functional networks obtained for the remaining four
representative RADs analyzed in this work are illustrated in
Supplementary Figure S1.
3.3. Popular Proteins in RA

2361 human proteins were identiﬁed as associated with RA.
This chronic AD aﬀects between 0.5 and 1% of adults in the
developed world, with between 5 and 50 new cases per
100 000 people per year.23 Although it has a primary eﬀect on
joints, RA can also cause inﬂammation in organs such as the
eyes, lungs, or kidneys, and it is highly disabling.24
The lists of the top 100 popular proteins in RA by PubPular
and PURPOSE are enumerated in Supplementary Tables S1
and S2. Among them, the top ﬁve proteins share only tumor
necrosis factor alpha (TNF) (Figure 2). Remarkably, the
PubPular tool situates Ro (SSB) and La (TRIM21/SSA)
autoantigens, which are mostly associated with SjS and SLE, as
the top ranked priority proteins in RA. They are followed by
AGBL2, a cytosolic carboxypeptidase25 whose link with RA
seems to be currently unknown, and PADI4, a peptidyl
arginine deiminase that catalyzes the posttranslational
conversion of the amino acid arginine to citrulline in the
context of ﬂanking linear amino acid sequences.26−28 This
posttranslational process is as an essential component of
inﬂammation in a variety of diseases because of its role in
inducing anticitrullinated protein/peptide antibodies
(ACPAs), a class of autoantibodies that are of diagnostic,
predictive, and prognostic value for RA.29,30 In contrast with
the more unexpected proteins obtained with PubPular (such as
SSB, TRIM21, and AGBL2), the PURPOSE tool results in ﬁve
proteins traditionally related to this disease, related to
inﬂammation (CRP, TNF, TNFSF13B), immunity (HLA),
and neutrophil function (PRTN3).

3.2. Popular Proteins in Osteoarthritis

OA is the most prevalent RD, aﬀecting around 10% of men
and 18% of women above 60 years of age. According to WHO
data, OA is the sixth leading cause of years lived with disability
worldwide.15 Furthermore, the number of people aﬀected with
symptomatic OA is increasing due to the aging of the
population and the obesity epidemic.16
OA is a disorder involving movable joints characterized by
cell stress and extracellular matrix (ECM) degradation initiated
by micro- and macro-injury that activates maladaptive repair
responses including pro-inﬂammatory pathways of innate
immunity.17 Although OA involves many diﬀerent joint
components, the most characteristically aﬀected tissue is
articular cartilage.18 Consequently, the top 100 popular
proteins in this disease (Supplementary Tables S1 and S2)
include several proteins related to cartilage ECM, such as
collagens (including types I, II, IX, X, and XI), aggrecan, and
other ECM-related proteins (COMP, MATN3, PRG4, CILP,
and UCMA). Within this, catabolic epitopes of type II and
type I collagen (the most abundant proteins in the ECM of
articular cartilage and bone, respectively) are among the most
studied molecules as biomarkers for OA.19,20 As shown in
Figure 2, the top ﬁve ranked proteins in OA using PubPular
include type II collagen, two matrix metalloproteinases (MMP13 and -3), and two aggrecanases (ADAMTS-4 and -5). With
PURPOSE, interleukin-1β (IL1B) and two proteins that have
been proposed as biomarkers of OA, COMP21 and PRG4 (also
known as lubricin or superﬁcial zone protein (SZP)), also
appeared.22

3.4. Popular Proteins in Spondyloarthropathies: Psoriatic
Arthritis and Ankylosing Spondylitis

The term spondyloarthropathy (SpA) refers to any joint
disease of the vertebral column, with lower back pain and
stiﬀness being the most common clinical presentation. Often
termed seronegative spondylarthropathies, this refers to the
fact that they are negative for rheumatoid factor (RF) and
ACPA, indicating a diﬀerent etiopathogenesis to RA. Several
RDs are included in this group, with AS and PsA being the two
most prevalent SpAs.
The lists of the top 100 popular proteins in spondyloarthropathies identiﬁed by PubPular and PURPOSE are
enumerated in Supplementary Tables S1 and S2. AS and
PsA share some common proteins, independently of the
literature mining tool that has been employed (Figure 2).
These include an HLA antigen and the IL-23 receptor
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and their relationship to biology and disease. For this reason,
there is currently paramount interest in managing and
organizing this information as eﬃciently as possible to
maximize the impact of proteomics data sets.
In the present study, we provide prioritized lists of proteins
associated with rheumatic and autoimmune diseases. The fact
that the tissues more characteristically aﬀected in these
pathologies, such as the components of the human joint, are
missing in large-scale proteomic initiatives like the Human
Protein Atlas or are scarcely represented in repositories such as
PeptideAtlas turns the investigation of proteins associated with
RADs into an essential eﬀort both to improve the knowledge
of poorly characterized proteins (uPE1)37 and to facilitate the
detection of “missing proteins” in the human proteome.38 In
this work, we establish a kick-oﬀ point for the systematic study
of proteins associated with RADs, starting with the
identiﬁcation of those proteins that have been mostly
referenced in the literature.
Interestingly, the overlap between the lists obtained from the
two literature mining tools employed in this work is
surprisingly low, ranging from just 23% for AS to 48% in the
case of RA (Supplementary Figure S3 and Supplementary
Table S5). Although this percentage has been increased using
the WCD algorithm of the latest version of PubPular, it still
remains a mean of 36% for all of the representative diseases
examined. This result evidences the diﬀerences and putative
complementarities of the two literature mining search engines
that were utilized. As shown in Table 1 and Supplementary

(IL23R), which is clearly attributable to the increased
incidence of the HLA-B27 allele in SpAs31 and the known
role of the IL23/IL17 axis in the pathogenesis of these
diseases.32 Interestingly, as happened in RA, some unusual hits
appear with PubPular, such as FBXL19 (a component of the
ubiquitin ligase complex) in PsA and SFTPA2 (a surfactant
protein) in AS.
3.5. Popular Proteins in Systemic Autoimmune Connective
Tissue Disorders

ACTDs are characterized as a group by the presence of an
abnormal immune response that causes systemic damage to
connective tissues. ACTDs include SLE, SSc (or scleroderma),
Sjögren’s syndrome (SjS), autoimmune myositides, overlap
syndromes, and mixed connective tissue disease (MCTD).
We focused on three diﬀerent representative ACTDs: SSc
(primarily aﬀecting skin and blood vessels), SLE (which may
involve many organs and systems), and SjS (characterized by
lymphocytic inﬁltrates in exocrine organs). The top 100
popular proteins found for each of these pathologies by
PubPular and PURPOSE are enumerated in Supplementary
Tables S1 and S2. Around one-third of these top 100 were
common between the three diseases. Two expected candidates,
TRIM21 (SSA or Ro protein) and SSB (Lupus La protein),
were ranked at the top in both SLE and SjS (Figure 2),
although SSB fell to the seventh position using PURPOSE
(Supplementary Table S2). In SSc, the two literature mining
software also included widely known proteins into their top
ﬁve, such as CENPB (the primary target of the B cell antiCENP response in SSc33) and CTGF (with a well-documented
involvement in SSc ﬁbrosis34). Nevertheless, apart from these
anticipated hits, the search provided several proteins whose
associations with ACTDs remain not fully understood, such as
the beta-2-glycoprotein 1 (APOH) in SLE, the small nuclear
ribonucleoprotein (SNRNP70) in SSc, or the chemokine 13
(CXCL13) in SjS. A targeted analysis of these particular
proteins is needed to conﬁrm any association identiﬁed by the
present literature mining approach.

Table 1. Redundant Proteins from the Top 100 HighPriority Proteins Observed in Four or More of the Seven
Representative RADs That Have Been Studied in This Work

3.6. Overlap with Other HPP Initiatives

Apart from the debilitating mobility and pain, RAD patients
are also at an increased risk of other pathologies. For example,
several studies have shown an increased risk of serious
infection in RA and other RADs, which could be explained
by the pathobiologies of these diseases themselves, the impact
of chronic comorbid conditions, or their immunosuppressive
therapy.35 Furthermore, it has been extensively reported that
rheumatic patients are at an increased risk of cardiovascular
events.36 As illustrated in Supplementary Figure S2, whereas
no signiﬁcant overlap was found between these groups using
the PubPular engine, the PURPOSE did show a number of
proteins that can be associated with several HPP initiatives.
The results from this analysis are listed in Supplementary
Table S4: Three interleukins (IL-1A, -1B, and -6), the Creactive protein, and MAPK14 were identiﬁed in the top 100
of these ﬁve initiatives when studied with PURPOSE. The
largest overlap was found with the initiative of infectious
diseases, where 17 proteins were shared among them,
including several cytokines, for example, TNF, IFNA, IFNG,
and IL2.

Table S6, the redundancy of protein occurrences among the
representative RADs is much higher using the PURPOSE tool.
In the latter case, eight proteins (including C-Reactive Protein,
TNF, and four interleukins (IL1A, IL1B, IL6, and IL17A)
appeared in all seven RADs (Table 1), whereas using the
PubPular approach, the highest multiplicity was 5. One
possible explanation for this result might be that the algorithm
employed with PubPular6 more strictly down-ranks proteins
with high publication counts. This promotes query-speciﬁc
proteins in the PubPular lists and diminishes the presence of
proteins of general interest with large numbers of publications
in multiple ﬁelds (such as CRP, TNF or ILs), which appear
more often with PURPOSE.
Apart from these ubiquitous proteins that play well-known
roles in either inﬂammatory or immune processes and could

4. DISCUSSION
An exponential increase in the number of proteomic studies in
recent years has led to a huge amount of data about proteins
4236

DOI: 10.1021/acs.jproteome.9b00360
J. Proteome Res. 2019, 18, 4231−4239

Article

Journal of Proteome Research
therefore be considered “positive controls” in the searches, the
present literature mining approach also provides interesting
lists of proteins that (1) had been described as related to the
disease at only the genetic level, with publications reporting the
association of speciﬁc polymorphisms with any of the
pathologies, and (2) were ﬁrst identiﬁed as antigens (through
the detection of speciﬁc antibodies in the patient’s sera) but
whose putative role in the pathogenesis of the disease remains
unclear. Although the literature mining approach followed in
this work would probably determine the more commonly
“popularity” of the identiﬁed proteins, these latter examples of
molecules scarcely investigated at the protein level can be also
considered high-priority proteins to perform further functional
analysis to improve their characterization or elucidate their
putative role as markers of disease.
Into the ﬁrst group, we found ERAP1 to be associated with
AS. This protein is an aminopeptidase speciﬁcally localized to
the endoplasmic reticulum that trims peptides to their optimal
size for binding to MHC proteins.39 Interestingly, very recent
studies have provided insights into ERAP1 polymorphisms,
supporting the notion of using aminopeptidase inhibition to
treat AS.40,41 However, the multiplicity of ERAP1 variants and
the distinct eﬀects of their co-occurring polymorphisms require
further eﬀorts to elucidate their impact on the protein function
and its relation to disease.
On the contrary, a representative example of the second
group is the identiﬁcation of EXOSC10 (exosome component
10) in SSc. This protein is also termed “Polymyositisscleroderma overlap syndrome-associated autoantigen” or
“Autoantigen PM/Scl-100”. Anti-PM/Scl antibodies, ﬁrst
described as “anti-PM-1” in 1977, were found in patients
with overlap syndrome of polymyositis (PM) and SSc. At a
later date, the antigenic complex was identiﬁed as the human
exosomes,42 but only recent studies have described a putative
malfunction of AS exosomes that may promote a proﬁbrotic
phenotype.43 However, the participation of precise exosomal
proteins in the molecular mechanisms underlying these
processes should be further investigated as a source of novel
speciﬁc biomarkers or drug targets.44
Altogether, the strategy based on literature mining tools that
has been employed herein presents paramount advantages,
such as the ease of use, enabling a straightforward prioritization
and the collection of a large amount of data related to the topic
of interest. However, this approach also has limitations
provoked by the multiplicity of terms and abbreviations of
proteins, which can lead to errors in the identiﬁcations.
Because these mistaken identities were scarcely found in the
searches, this supports the validity of the literature mining
approach as a ﬁrst step to ﬁnd proteins related to disease but
also underlines the need to review the results prior to the
further analysis of speciﬁc proteins. A singular example of this
problem is the protein SS18L1, which was identiﬁed by the
two mining tools at the top of the list in SSc. This protein is a
calcium-responsive trans-activator required for dendritic
growth and branching in cortical neurons and thus from
literature cannot be related to the disease. However, in this
case, the engines were confounded by the alternative
abbreviation of this protein, CREST (from calcium-responsive
trans-activator), as the so-called CREST syndrome is a type of
limited SSc whose acronym refers to its ﬁve main features:
calcinosis, Raynaud’s phenomenon, esophageal dysmotility,
sclerodactyly, and telangiectasia. Finally, another essential
limitation of the present literature mining approach relies on

its bias toward proteins that have been well studied essentially
because good assays exist for them, obviating other very
important but less explored ones. In this sense, there are many
proteins that should be of high priority despite the fact that
they are unpopular.45 Caution should be then taken into
account when interpreting the results, considering the so-called
“circular arguments”, which essentially state that prior
knowledge about function is biased toward well-studied
genes or proteins.46 Many predictions would thus be generic,
so the most likely candidate proteins tend to be genes/proteins
that have numerous other functions.47 Altogether, the need for
further targeted proteomic methodologies and workﬂows to
enable the analysis of those less characterized proteins still
remains a key challenge for the HPP initiatives.
In conclusion, the present work fulﬁls the ﬁrst scientiﬁc goal
of the RAD-HPP initiative by providing a map of the
prioritized lists of proteins, which constitutes an initial step
to perform further functional analyses on speciﬁc groups of
proteins and pathologies. The coordinated eﬀort of the RADHPP groups will be the key to further advancing in the
characterization of the proteome associated with these
pathologies and ultimately will aid in improving the management and quality of life of patients with RADs.
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