Exploring High-Throughput Immunoassays for Biomarker Validation in

Rheumatic Diseases in the Context of the Human Proteome Project

Manuel Fuentes, Cristina Ruiz-Romero, Sara Misiego, Pablo Juanes-Velasco, Alicia
Landeira-Vifiuela, Adridn Torres-Roda, Heéctor Lorenzo-Gil, Maria Gonzélez-Gonzélez,
Angela P. Hernandez, Lucia Lourido, Ronald Sjéberg, Elisa Pin, Javier de Las Rivas,
José Manuel Sanchez-Santos, Peter Nilsson, and Francisco J. Blanco

ABSTRACT

Rheumatic diseases are high prevalence pathologies with different etiology and evolution and low
sensitivity in clinical diagnosis. Therefore, it is necessary to develop an early diagnosis method
which allows personalized treatment, depending on the specific pathology. The biology/disease
initiative, at Human Proteome Project, is an integrative approach to identify relevant proteins in
the human proteome associated with pathologies. A previously reported literature data mining
analysis, which identified proteins related to osteoarthritis (OA), rheumatoid arthritis (RA), and
psoriatic arthritis (PSA) was used to establish a systematic prioritization of potential biomarkers
candidates for further evaluation by functional proteomics studies. The aim was to study the
protein profile of serum samples from patients with rheumatic diseases such as OA, RA, and PSA.
To achieve this goal, customized antibody microarrays (containing 151 antibodies targeting 121
specific proteins) were used to identify biomarkers related to early and specific diagnosis in a
screening of 960 serum samples (nondepleted) (OA, n = 480; RA, n = 192; PSA, n = 288). This
functional proteomics screening has allowed the determination of a panel (30 serum proteins) as
potential biomarkers for these rheumatic diseases, displaying receiver operating characteristics

curves with area under the curve values of 80—-90%.
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1. INTRODUCTION

The high complex nature of osteoarthritis (OA) has hindered the development of tools for
the precise evaluation and therapeutic management of this disease.'™ The “-omics”
technologies have contributed to increase the knowledge on OA pathogenesis and have
provided lists of molecules related to these pathologies.* © Further validations studies are
still needed to translate findings from “-omics” studies into clinical applications. Having
this in mind, the combination of this molecular info from “-omics” studies with clinical
info would be highly valuable to design and perform biomarkers validation based on
immunoassays in a high-throughput format.”

Rheumatism is a nonspecific term used to describe any painful disorder affecting the loco-
motor system including joints, muscles, connective tissues, and soft tissues around the
joints and bones.2 Rheumatologic disorders include multiple different pathologies: (i)
aging-related pathologies such as OA,; (ii) inflammatory diseases such as RA or PSA,; (iii)
several systemic autoimmune diseases such as systemic lupus erythematosus, Bechet’s
disease, and others.® Regarding social aspects, rheumatic and autoimmune diseases have
a huge socio-economic impact given the high prevalence or morbidity of some of them.
Furthermore, they present several currently unmet medical needs: their early diagnosis is
often difficult, they have challenging heterogeneous clinical courses, and treatment
choices are not yet personalized.

Among the missions of the HUPO Biology/Disease-driven Human Proteome Project 1%
initiatives are to identify proteins in the human proteome associated with diseases and
biological systems.'? Currently, several B/D-HPP initiatives are active and making
progress in translational biomedical research. One of them is the initiative focused on be
Rheumatic and Articular Diseases Team of Biology and Disease driven branch of the
Human Proteome Project (HPP) (RAD-HPP). It was launched in 2016 with the general
objective, as the RAD-HPP initiative, of generation of novel knowledge about proteins
involved in prognostic, therapeutic, and physiopathological issues taking place in
rheumatic and autoimmune diseases.®> This will allow improving the capacity for
prognosis and early diagnosis, exploring potential therapeutic biomarkers, and generating
basic knowledge on alternative disease pathogenesis not presently addressed by current

therapies. As a strategic goal, this RAD-HPP initiative aims to improve the research
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capacity of the participating groups, as well as to promote cooperative research in this
area through the development of networking activities and joint research activities.
Currently, the RAD-HPP initiative has described an action plan focused on: (i) expand
visibility and membership of RAD-HPP; (ii) definition of the proteome of human joint
tissues (such as cartilage, synovial membrane, meniscus, and subchondral bone; (iii)
definition of protein lists relevant in the physiology of the joint and systemic autoimmune
processes; (iv) assemble prioritized clinically relevant proteins in RAD, to boost the
development of quantitative proteomics assays for systemic analysis (targeted MS Kkits
for MRM analysis, antibody-based approaches such as protein microarrays), also for
further characterization of proteins as potential useful biomarkers for patient
stratification, therapeutic management; (v) development of tools for PTMs
characterization that drive autoimmunity, facilitating their use in understanding
physiological and pathological roles, and finally to understand the link between
autoimmunity and heightened cardiovascular risk.

Recently, several software tools have been developed, such as PubPular,** PURPOSE and
metaPURPOSE,*® GLADA4U,*® and FACTA+,'” which allow researchers to prioritize
crucial proteins in various organ-systems and diseases from the biomedical literature.
Information from these databases can be used to facilitate further targeted and/or
functional proteomics studies. Here, these approaches have been employed to select a
panel of protein candidates and a few candidates from our previous studies*®*°® in order
to analyze the differential plasma protein profiles by high-throughput immunoassays in a
cohort of 960 samples (OA, RA, PSA, controls). Hence, it is presented a serum screening
of 960 nondepleted samples (480 OA, 288 PSA, 192 RA, 83 healthy controls) by a
customized antibody array (containing 151 antibodies targeting 121 different proteins)
with the major goal to explore the ability of high-content immunoassays to establish a
panel of biomarker candidates useful for diagnosis and/or prognosis of articular diseases
in the context of the RAD-HPP initiative.
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2. MATERIALS AND METHODS

2.1. Materials

Acetone >98% (Panreac, Barcelona, Spain), 3-(2-aminoethylamino) propyl-methyl
dimethoxysilane (MANAE) (Fluka, Steinheim, Germany), dimethyl sulfoxide (DMSO)
(Merck Millipore, Billerica, USA), bis(sulfosuccinimidyl)-suberate (BS3), Nunc 384
clear flat well plates, SuperBlock Blocking Buffer, Microtiter Plate 96 Well/V Bottom,
LifterslipTM coverslips (Thermo Scientific, Portsmouth, USA), Bovine Serum Albumin
(BSA) >98%, NHS-PEG4-Biotin, Tween20 viscous liquid (polyoxyethylenesorbitan
monolaurate), ampicillin sodium, Corning hybridization chambers (Sigma-Aldrich, St
Louis, USA), peroxidase-AffiniPure Goat Anti-Human IgG, Fcy Fragment Specific,
Peroxidase-AffiniPure F(ab’)2 Fragment Goat Anti-Mouse 1gG (H+L) (Jackson
ImmunoResearch Laboratories, Baltimore, USA), TSA individual cyanine 3 Tyramide
Reagent Pack (TSA) (PerkinElmer, Waltham, USA), slides Ground Edges 76 x 26 mm
(LineaLab, Badalona, Spain), Amersham Cy5-Streptavidin, 16-Array Chamber Covers
(GE Healthcare, Buckinghamshire, UK), Goat Anti-Rabbit 1IgG (H+L) HRP Conjugate
(BIO-RAD, California, USA), powdered concentrated skimmed milk (Central Lechera
Asturiana, Granda-Siero, Spain).

Purified rabbit polyclonal antihuman antibodies against potential biomarkers (Supporting
Table 1), previously described to be altered in osteoarthritic patients at different levels in
cartilage (extracellular matrix (ECM), chondrocytes) and blood, were kindly provided by

the Human Protein Atlas.

2.2. Patients

Nondepleted, peripheral blood, human serum samples corresponding to patients (age
average: 68 years (range: 55-80 years) belonging to three different groups: osteoarthritis
(OA), rheumatoid arthritis (RA), and healthy controls (C) were provided by the Biobank
at the Institute for Biomedical Research of A Corufia (INIBIC). The samples were
extracted and processed, after written informed consent was given by each donor,
according to the guidelines of the local Ethics Committee (Comité Etico de Galicia,
Galicia, Spain). The OA group consisted of 480 patients diagnosed with OA according to
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the American College of Rheumatology (ACR) criteria.?’ The RA group comprised 192
patients diagnosed with RA following the ACR/European League Against Rheumatism
(EULAR) criteria 2 The PSA group consisted of 288 diagnosed with PSA following the
ACR/European League Against Rheumatism (EULAR). The control group included 83
samples from patients with no history of joint disease and nonradiographic OA.

2.3. Methods

2.3.1. Meta-Analysis of Popular Proteins. To define a panel of protein candidates as
possible biomarkers in PubPular is a R/Shiny web interface for querying and visualizing
popular proteins for custom search terms using Gene2Pubmed/Pub Tator data sources and
semantic similarity metrics as described by Lau et al.1* The query search was performed
in the updated version which included precompiled protein lists from Disease Ontology
and Human Phenotype Ontology disease terms as well as reverse protein-to-topic
searches. PubPular was accessed via https://maggielab.org/tool_pubpular.

The PURPOSE database (Protein Universal Reference Publication-Originated Search
Engine) tool prioritizes proteins by the strength and specificity of the associations
between proteins and the query terms. For each query, the number of PubMed
publications are retrieved in real-time as described by Yu et al.®® PURPOSE is accessible
through http://rebrand.ly/proteinpurpose.

In both databases, the search queries were: osteoarthritis, arthritis, rheumatoid arthritis,
psoriatic arthritis, serum, plasma, .... Among the list of proteins selected from these
databases were several proteins from our previous reported studies based on affinity
proteomics.’® In general, most of the protein candidates are involved in featured
biological processes described in these pathologies, such as matrix regeneration, cellular
differentiation, and also proteins which belong to an inflammation or a humoral immune

response as it may be expected in these pathologies.

2.3.2. Design and Performance of Antibody Microarray. The glass slide surfaces were
activated® by treatment with 2% (v/v) MANAE in acetone for 30 min with shaking at
room temperature (RT). Slides were subsequently washed with acetone and Milli-Q water
and dried with compressed filtered air. In this case, antihuman polyclonal rabbit

antibodies (from Human Protein Atlas, Supplementary Table 1) were resuspended (1:1,
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vIv) in a 47% (v/v) glycerol solution, according to the ArrayJet Printer Marathon v1.4
specifications. NHS-PEG4-biotin (0.39 mg/mL) and BSA (concentrations ranging from
0.6 mg/L to 3.66 mg/mL) were prepared as positive and negative controls, respectively.
Slides printed using ArrayJet Printer Marathon v1.4 (ArrayJet, Roslin, UK) contained 12
identical subarrays, each one including all antibodies and controls to be analyzed. The
spot diameter was set at 100 um and the separation distance among spots at 200 um
(Supplementary Figure 1). A total of 6 serum samples were analyzed per array, in
duplicate. Eventually, printed arrays were packed and stored, protected from light ina dry

atmosphere at RT, until assayed.?

2.3.3. Evaluation of Array Performance. All the following steps were performed at RT.
Antibody arrays were blocked with a SuperBlock-PBS solution for 1 h on a rocking
platform. Then, they were washed (5 min, 3x) with PBS 1x. After that, the arrays were
incubated with HRP-conjugated antirabbit secondary IgG (1:200 (v/v) in SuperBlock-
PBS) for 1 h in a humidified chamber. Then, they were individually washed with (i) PBS
(5 min, 3x) and (ii) distilled water (5 min, 1x). Subsequently, arrays were incubated with
a 1:50 (v/v) TSA solution for 10 min in a humidified chamber. Arrays were then washed
as described above and dried with filtered compressed air. Finally, they were scanned
using the GenePix 4000B Scanner (Axon Instruments, Union City, USA) and the

SensoSpot Fluorescence Scanner (Sensovation AG; Radolfzell, Germany), and analyzed.

2.3.4. Sera Biotinylation. According to the protocol described by Sierra-Sanchez et al.*°
adapted from Haggmark et al.,?® proteins present in OA, RA, and C sera samples were
biotinylated by incubation with 0.78 mg/mL NHS-PEG4-biotin for 2 h at 4°C.
Biotinylation reactions were stopped by adding 0.5 M Tris—HCI (pH 8).

2.3.5. Detection of Protein Serum Profiles. Antibody arrays were blocked with
Superblock for 1 h with mild stirring and, subsequently, washed with distilled water (5
min, 3x). Then, 40 uL of a 1:1000 (v/v) dilution of biotinylated serum was added to each
well of the 16-array chamber. Chambers were covered and incubated O/N at 4 °C with

slight shaking. After that, the arrays were individually washed with distilled water and
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revealed using a 1:50 (v/v) dilution of Cy5-Streptavidin for 20 min at RT. Finally, arrays
were washed, dried with compressed filtered air, and scanned.®

2.3.6. Image Acquisition and Signal Standardization. The TIFF images generated by
array scanning were analyzed using GenePix Pro 4.0. software. Parameters were set to
quantify light intensity values at Cy3 (A = 532 nm) and Cy5 (A = 635 nm) emission
wavelengths, respectively. Signal intensity values were normalized following eq 1, where
SN is referred to the intra- and inter-array normalized signal, Si to the raw signal in
antibody containing spots, Swg to the the background signal, and S’ to the raw signal in
companion buffers’ spots. Background signal subtraction within each array was followed

by fold change calculation with respect to a blank across array.??

N St~ Shg (1)
" median{S": S’ — S, > 0}

As several serum samples were assayed per array (in duplicate), the background signal
was estimated as the mean of DEPC water spot intensity values present in each pair of
subarrays corresponding to the same serum. The blank signal was estimated as the median
of intra-array normalized intensity values of positive control spots containing the
companion buffers (i.e., glycerol + PBS + BS3), across all the arrays.'®192224 The median
signal of the replicates per antibody was computed as an estimate of reactivity. Antibodies
with normalized intensity values greater than 1 were considered as hits (signal due to
antibody-—antigen binding) and the corresponding samples were considered as positive for
the antigen specifically bound by the screened antibody.'8192224 The resulting intensity
distribution is plotted in Supplementary Figure 1 (where every line represents a sample).
Positive spots are normalized and further filtered by comparison with negative controls
(i.e., BSA, DEPC water, BS3, and combinations).'®1%2224 After standard scoring was
applied, the distribution seemed homogeneous enough for comparison without further

distorting the data (Supplementary Figure 1). The significant level was 0.05.
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2.3.7. Data Analysis Workflow. For the data analysis, to remove the effect of outlier
samples, the sera in which the number of hits detected was below 1% or above 99% were
not considered for further analyses.>>?’ The data analysis pipeline is depicted in
Supplementary Figure 3. According to analyzed samples (Table 1), the cohort frequency
distribution is observed in Figure 1A. In all these samples, a total of 121 proteins were
simultaneously evaluated by the customized protein array containing 151 different
antibodies. Then, 302 variables were included in the analysis among the groups of
patients. In order to detect outliers, histograms and boxplots were analyzed according to
R software with the RSudio interface.

For comparison between independent groups, the number of required pair comparisons

was determined:

n n!

<
r) r

Zm <n (2)

C(n,r) = (

where C = number of comparisons, n = number of groups of patients, r = number of
groups per comparison. So, for r = 2 groups the number of comparisons is n(h — 1)/2.
First, for each pair of comparisons, we check the homogeneity of variances si? with the
Bartlett test.

k
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For the pairwise comparisons with homogeneous variances, we studied the differences in

intensity using the Student t-test.
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For pairwise comparisons with heterogeneous variances, we used the Welch t-test.

- s,
N-x o Gt
t, = ————=,.iwhere degrees of freedom isg = —; > — 2 (5)
Sc21 ng (ﬂ)z (ﬁ)z
s A n ny
LS L n+1 n,+1

where Jéi sci?, and n; are respectively the sample mean, the sample variance and the size
of each group (i =1, 2). The workflow for all this process is described in Supplementary
Figure 2.

The differential protein profiles are observed in all side-by-side comparisons, these
protein profiles were analyzed from the functional point of view in order to identify any
featured biological role in these pathologies of interest. The Functional Enrichment
Analysis (FEA) was performed by DAVID (David Bioinformatics Resources vs 6.8)?
and Cytoscape.?

Regarding clustering analysis, it is performed by Ward Method with 4 groups
corresponding with the pathologies individually (OA, RA, PSA) vs controls, and all
pathologies (all of them as one single group) vs controls. In all the data analysis, several
biostatistical approaches (Ward linkage, camberra distance, and silhouette average used
for k-means cluster; logistic regression, multiclass random forest and receiver operating
characteristics curve (ROC) all used for classification) were performed with R software

using the RStudio interface.
3. RESULTS AND DISCUSSION

3.1. Evaluation of Array Performance

The array content was based on a previous search on the databases PubPular and Protein
PURPOSE! (supported by HUPO), which has been reported and described by Ruiz-
Romero et al.? In this study, these meta-data have been explored to select a panel of
protein candidates for evaluating the presence in plasma by affinity proteomics. At first

glance, the revised literature, by both databases, displays a homogeneous distribution (see
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Supplementary Figure 3) across all the pathologies of interest. Thus, the selection of
proteins is unbiased to all these rheumatic pathologies, and selected proteins have not
been enriched in a particular functional group and/or pathologies. In this panel of protein
candidates (Supplementary Table 1), TNF is the protein with a high number of citations
and previous references in the reviewed literature. This fact might be expected as it is an
inflammatory cytokine with systemic effects which is related to many
physiopathologies.®*3! Mostly of the protein candidates belong to the innate and specific
immune response such as cytokines (IL6, IL10, ...), complement system (C3, C4, ...),
histocompability complex (HLA-A, HLA-B, HLA-C, ...), immunophenotyping (CD14,
CD88, ...), adhesion molecules (ICAM, CCL12, ...), and to bone matrix and metabolism
such as matrix metallopeptidases or collagen. Moreover, several identified proteins in our
previous reported studies have been also included in this panel for the further evaluation
in serum by high-throughput immunoaffinity assays.

The 960 nondepleted serum samples were screened by using 120 arrays (8 serum samples
per array) targeting 121 proteins by 151 different antibodies in each subarray. The cohort
description displays 833 pathological serum samples and 127 serum samples from healthy
controls. The absolute frequency is higher for the OA group (n = 433), followed by
psoriatic arthritis (PSA) (n = 258) and RA (n = 192) (Figure 1A). Despite the high
heterogeneity between pathological groups, and after signal normalization (as described
in the Materials and Methods section), the data set displays a global normal distribution
(Figure 1B), which is required for deciphering differential protein profiles across the
analyzed cohort. Then, all targeted proteins (n = 121) were considered in all analyzed
samples (n = 966) for the further analysis and could be potential candidates for panel of
biomarkers. Once protein arrays were normalized and standardized (Figure 1C), overall
differences were observed on the analyzed proteins across the pathological groups (Figure
1D).

3.2. Identification of Differential Protein Profiles

In order to establish differential protein profiles among the 4 groups of patients screened
in this study, 6 possible comparisons were performed as described in Supplementary
Figure 3, starting between healthy controls vs pathological groups and followed by

evaluation of differences within pathological groups.
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3.2.1. Pathological Groups vs Controls. 3.2.1.1. OA vs Controls. In Figure 2 is depicted
a global view of protein profiles, from which is observed 16 different protein profiles
according to 16 differential protein profiles, being 10 of them at a high-relative abundance
level (Figure 2A) and 6 of them at a low-relative abundance level (Figure 2D). The top
observed proteins are in the high-relative abundance level in OA, as might be expected;
in addition, there is a match of several of these highlighted proteins and the ones identified
by PURPOSE and PubPular databases (such as TNF, APOM, C1Q, COMP, among
others). Mostly of these proteins are related with extracellular matrix organization (i.e.,
APOM, COMP, FBN1, ...), innate immune response (i.e., ANG, C1Q, FBNL1, ...).
However, low relative abundance levels are observed for proteins related to platelet
activation/signaling (i.e., APBB1IP, CLECS3, ...), complement cascade (i.e., CFH, FC1,
...), and structural and metabolic pathways (i.e., CSPG4, FSTL1], ...).

3.2.1.2. PSA vs Controls. Here, 258 PSA samples and 83 healthy controls were compared;
a total of 341 individuals’ samples were included in this comparison that 258 correspond
to PSA and 83 to healthy controls (Figure 2B,E). In this comparison, 121 proteins
displayed a normal distribution and there are two differential groups of proteins according
to the relative abundance level. Regarding high-relative abundance, 53 proteins are in this
group, such as SERPIN, COMP, TNF, ILR1, ..., which have been previously reported in
these pathologies.!® On the other side, a set of 68 of these proteins show a low-relative
abundance level, which their functions are associated with functions described for the
proteins with high-relative abundance proteins, among additional proteins involved in
post-translational protein phosphorylation (i.e., SPARCL1, APOA1, ...), which are
different than at a high-abundance expression level (Supplementary Table 3).

3.2.1.3. RA vs Controls. At first glance, 82 proteins are differentially observed across 192
RA and 83 healthy controls, where 61 of the 82 displayed a high-relative abundance,
which most of them are associated with integrin cell surface signaling (i.e., LGALS3BP,
LAMP2, SRGN, APBBLIPO, ...), extracellular matrix organization/degradation (i.e.,
FCN1, SPARC, NCF2, COL12A1, MMP1, OMD, ...), and innate immune response (i.e.,
C3, C9, ...) (Figure 2C,F) (Supplementary Table 4). On the other hand, a low abundance
profile is also observed (21 proteins) that is involved in metabolic signaling pathways
(i.e.,, GSTOL, MIA3, PLTP, ...), dys-regulation of osteoblast differentiation (i.e., UCMA),

components of extracellular matrix (i.e., VIT, COL9, ...) (Supplementary Table 4).
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Moreover, in both differential profiles, there are proteins related to immune response
(such as TNF, CD53, C3, C9, ...) which has been also highlighted in both databases
(PURPOSE and PubPular databases®®).

3.2.2. Across Pathological Groups (AO, RA, PSA). As the full cohort has been
simultaneously screened by the same functional proteomics approach, then comparisons
are feasible and also useful to decipher potential biomarkers candidates. In
Supplementary Table 4, differential protein profiles (based on relative abundance) are
listed for each side-by-side comparison. In general, it is observed that most of the proteins
are related to innate immune signaling pathways, extracellular matrix
organization/degradation, metabolic signaling pathways, .... Among them, >70% of them

have been previously reported in the PURPOSE and PubPular databases.™

3.3. Exploring Differential Protein Profiles as Potential Biomarkers Candidates

As several differential protein profiles are observed in the multiple performed
comparisons, it is interesting to explore if any of these set of proteins could be potentially
a panel of biomarkers useful for diagnosis. In Figure 3, it is observed the presence of
multiple proteins profiles which could be used to classified samples; however, it is not
clearly distinguished a well-defined protein profile for suitable and optimal classification
according to the pathology (for the 3 analyzed pathological groups (PCL1 is displaying
81.6% as high correlation level) (Figure 3 and Supplementary Figure 4). Then, it might
be expected that it could influence in the contribution of information to any model
designed from these data sets.

Bearing in mind that most of the selected proteins belong to similar signaling pathways,
it is expected a high correlation between the differential protein profiles observed above
in the side-by-side comparisons (Supplementary Figure 5). Then, cluster analysis was
performed for the 30 selected proteins against 960 screened samples which results in 4
principal clusters (Figure 4, Supplementary Table 5). Each of these groups of proteins is
directly related with one particular cellular function being: (i) cell repair mechanism and
inflammatory related proteins (cluster 1): SERPINA1, SLC11A1, NCF2, TNC, LUM,
LTBP2, HRG, SOD2, CSPGA, C1S, CRTAC1, HABP2, IL1RAP; (ii) cell signaling
pathways (cluster 2): IGFALS, IGFALS, HTRA, TNF, PLTP, SPARCL1, COMP,
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IGSF®6; (iii) bone generation and regeneration (cluster 3): SRGN, SERPINA4, COL6A1,
GC, COL11AZ2; (iv) cell migration (cluster 4): UCMA, MIA3, SPARC.

3.4. Design a Biomarker Panel for Diagnosis

Once it was identified and selected a set of protein candidates from a differential profile,
the next step was to decipher whether these proteins provide any prediction value for
further or future analysis. Since most of the analytes belong to the same or similar
signaling pathways, there was expected a high correlation between them and subsequently
the individual contribution to the model could be decreased with each addition. As it was
previously observed, patients cluster the analysis of patient’s clusters may be used as a
predictor method; however, protein cluster analysis might not be considered as a predictor
value. Having in mind that the pathology is variable with more than two categories
(controls, osteoarthritis, psoriatic arthritis, rheumatoid arthritis), then a multinomial
logistic regression model is proposed. A relationship is established between the pathology
(dependent variable) and proteins of each cluster (independent variables) through the
following multinomial logistic regression function and Pearson correlation. It is observed
(Supplementary Figure 6) that several proteins display an independent correlation with
the groups of patients (controls, pathological, ...), with a high-correlation index when used
in combination.

Thus, a first model was defined to predict any of the pathologies against healthy controls.
Here, a set of 16 proteins of the 30 (the regression model displays a pseudo-R? McFadden
coefficient 0.8553) allows one to determine the probability of a patient presenting any of
the pathologies is 10.4278 (constant) times the probability of not presenting such a
pathology, that is, of being healthy (controls) (Figure 5, Supplementary Figure 7)).
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Then, several models inside pathologies have been also evaluated and a few protein
panels have been proposed as prediction models:

M Osteoarthritis (OA) Panel: This set of proteins is SPARC, PLTP, SPARCL1,
IGFALS, NCF2, COL11A2, SLC11AA, HTRA, HRG, COMP, IGFALS,
CSPG4, which correctly classify 75.1% of the samples (a pseudo-R? McFadden
coefficient 0.2664) (Supplementary Table 6). The ROC curve is displayed in
Figure 5B.

(i) PSA Panel: In this case, 15 proteins of the 30 previously selected (SLC11A1,
NCF2, CSPG4, MIA3.1, GC.1, CSPG4, SOD2, C1S, COMP.1, SERPINAL,
SERPINA4, COL11A2, IGFALS, TNC, LTBP2), with 72,63% properly
classified (and pseudo-R? McFadden coefficient 0.2018) (Supplementary Table
6). In Figure 5C is depicted the ROC curve of this panel of proteins.

(iii) RA Panel: This prediction model is based on 14 proteins (PLTP.1, SPARCL1,
UCMA, GC, COMP.1, CSPG, SERPINA4, C1S, SOD2, SERPINAL, IGFALS,
HTRAZL, TNC, CSPG4) that properly classify 80.96% of the cases (a pseudo-R?
McFadden coefficient 0.415) (Supplementary Table 6). The ROC curve is
displayed in Figure 5D.

In a similar approach, it has been evaluated the prediction capacity inside the pathologies,
by a binomial logistic model as reported in Supplementary Figure 8. There is a set of
proteins which might be useful to distinguish between OA vs RA, APS vs OA, and APS
vs RA (Supplementary Table 7). In all these comparisons, the area under the curve (AUC)
for each ROC (0.781, 0.902, 0.869) (Supplementary Figure 8) shows the classification
power of each model applied is quite optimal which could be also highly useful to
discriminate between pathologies.

Then, multiple combinations of proteins, from the 30 selected panels detected by protein
microarrays, allow one to discriminate between healthy vs pathologies and between
pathologies with high accuracy and sensitivity. Thus, it is proof that the designed
multipronged approach (combining databases, functional proteomics and well-
characterized clinical cohort) is useful for biomarker discovery and further validation of

these pathologies.
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Subsequently, the creation of the binomial logistic regression models is making it possible
to verify and confirm which one of the 30 identified proteins is acquiring relevance in
each model and its particular precision in each comparison (by means of the percentage
of individuals properly classified and the relative frequency criterion (Supplementary
Table 6, Supplementary Figure 7)). In general, for all the models established, the AUC
was in the range 80-95% for all the group comparisons, and these panels of proteins might
be verified as biomarkers in these pathologies in further analysis. Nonetheless, it can be
noted that it seems that multiple proteins are only relevant in a specific model for
particular comparison (i.e., OA vs healthy) which will require further confirmation
studies.

4. CONCLUSIONS

The results showed differential serum protein profiles among patient groups. In fact, a set
of proteins showing significantly different levels among groups has been identified.
Altered protein profiles in the pathological samples (OA, RA, PSA) were proven
substantially higher when compared to healthy control samples. Unsupervised and
supervised machine learning approaches allowed the accurate classification of patients
based on this set of proteins, which constitute a panel of potential serum biomarkers.
Hence, several panels (from 6 to 16 protein) have been identified for each pathology (OA,
RA, PSA). In summary, 30 different proteins could be considered as a potential panel to
cover all these pathologies. From the functional point of view, these proteins are involved
in inflammatory response, lipid metabolism, bone and ECM degradation and/or
remodelling, which correlate with ethology and physiology of these pathologies. The
synergy between popular proteins (reported in curated published databases available at
HPP) and functional proteomics approaches (i.e., antibody microarrays) seems to be a
quite useful and powerful strategy in the B/D-HPP initiative to accelerate biomarker
discovery and validation pipelines. Nevertheless, further studies will be necessary in
order to accurately quantify differences in protein levels, with a larger cohort of patients,
including other rheumatic/inflammatory pathologies and exploring the correlation with
biological-clinical information (i.e., therapies, disease status, etc.). In addition, this

approach may be able to combine with other molecular information generated by -
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omics” studies with imaging and clinical data that might be highly valuable to facilitate
precision medicine strategies in OA.
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960 serum patient
samples not depleted:

* 480from
osteoarthritis (OA)

/ *  192from
rheumatoid arthritis
(RA)

* 288from psoriatic
arthritis (PSA)

Abstract
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Team of Biology and Disease
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Proteome Project (HPP)

Antibody Microarrays Technok

A panel of 151 specific antibodies
targeting 121 different proteins

Table 1. Distribution of Analyzed Serum Samples in the Study

30 serum proteins as potential biomarkers
for rheumatic diseases

Samples (n) Absolute Frequency Relative Frequency
Controls 83 0.08
Osteoarthritis (OA) 427 0.44
Rheumatoid Arthritis (RA) 258 0.26
Psoriatic Arthritis (PSA) 192 0.20

Total (n) 960 1
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Figure 1. Summary of array performance. Panel A: Frequency graphs of the pathology. Panel B: Histogram of protein expression. Panel C: Distribution of protein
expression. Panel D: Relative number of hits by pathological groups.



B EREEEBEREEEESESESEFELEEEEIESEEESENEESNESFEEEELELRRE BRI

<

|eubls pazijeuwioN

L4 1al)

LA

L Lio1s0

L 2N

L Tvs
N

b ivan

L Zov0¥d

v ZiNey
Liduves

§ ONY

L Lunes

L anod
LVLLOID
el

Lsv o
(TN

L ZvEN0d
LriNey

L Lieson

1 z00s

. 0-—;”(&3{
L EIVNoE
L wvoLl m
1 voud m
+ OvO0IS
129 W
LNV
vene3

L TWNes

L Z10

+ ove100
[T

+ decav
Zouvds

VLA & ERT TERAT BN 4G § AN B DR LR B P RN Svld ¢t GRS & T ok

|eubis pazijeutioN

L zsIva0l
PHI
o
iam

b Zivmdy3s
LYEI3ID

L oun
bian
oo

| 20dSH

L dnasdv
L INVIA
L e
=]
L

b LNSYA
NS
[N

b L Jdvds
1 8£3310
| NOuS

L Ndu3s
L L idiso

nvolu
Liviios
IHNIdHIS
NOO
P
wm
vo0i 8
N34
41

z i
TiVNIgY3S

NOWS

§ PYNIdYIS
e

48E5 VD
™

°°$§3:5é‘

o
%0
Irizivly

¢

o - -
o -
4l -
- -0
-0
LR -
v-q -4
od-@
el --0
S . A
o r--{-«®
Y
o b
Oveolilee

3
Rheumatoid arthritis

© v n o g v @

|euBis pazijeuwtioN

o

oo
.???89-§
SSHESS88508
H I
o
000

o

e,
=]
$0b6.88608458
°

Ses8s8
CEEE

o

i

o

389248
D G
itebsdg
°°

§?99
B85

20
BESE
; *‘é‘

o
5

OF- 4
o r--[[]--

« * n o & 9 w

|eubis pazi|euwsoN
(a]

Osteoarthnitis

w

|eubis pazieuwon

Psoriasic arthritis
B
—_
+

T +
e

L

===

-

= 15

-

=

i

b divs

b oo

b rwise

- oo

|eubis pazieusoN
w

Rheumatoid arthritis

Figure 2. Boxplots of up-regulated/down-regulated proteins relative abundance in all the comparisons.

Panel A: Up in OA. Panel B: Up in PSA. Panel C: Up in RA. Panel D: Down in OA. Panel E: Down in

PSA. Panel F: Down in RA.
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Figure 3. Global differential protein profile. Cluster analysis of all patients serum samples by affinity proteomics.
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Figure 4. Exploring differential protein profiles. Panel A: Dendogram describing minimal number of

clusters according to protein profiles. Panel B: PCA analysis and grouping sample distribution.
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Figure 5. Evaluation of differential serum protein profiles as potential biomarkers panel for diagnosis.
Panel A: ROC curve for pathological vs controls. Panel B: ROC curve for OA vs controls. Panel C: ROC
curve for APS vs controls. Panel D: ROC curve for RA vs controls.



