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Acronyms and abbreviations:

RA: Rheumatoid Arthritis
FDA: Food and Drug Administration
DMARDs: Disease-Modifying Anti-Rheumatic Drugs
FDR: False Discovery Rate
FGFR: Fibroblast Growth Factor Receptor
PI3K: Phosphoinositide 3-Kinase
ECM: Extracellular Matrix
TTD: Therapeutic Target Database
FAERS: FDA Adverse Event Reporting System
CIA: Collagen-Induced Arthritis
DAI: Digital Arthritis Index
T2D: Type 2 Diabetes
TNF-α: Tumor Necrosis Factor-alpha
IL-6: Interleukin-6
GLP-1: Glucagon-Like Peptide-1
S100A12: S100 calcium-binding protein A12
GSEA: Gene Set Enrichment Analysis
IFA: Incomplete Freud’s Adjuvant
Dex.: Dexamethasone
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Abstract:

The majority of drugs currently used to treat rheumatoid arthritis (RA) act on a small number of
immunomodulatory targets. We applied an integrative biomedical-informatics-based approach
and in vivo testing to identify new drug candidates and potential therapeutic targets that could
form the basis for future drug development in RA. A computational model of RA was
constructed by integrating patient gene expression data, molecular interactions, and clinical drugdisease associations. Drug candidates were scored based on their predicted efficacy across these
data types. Ten high-scoring candidates were subsequently screened in a collagen-induced
arthritis model of RA. Treatment with exenatide, olopatadine, and TXR-112 significantly
improved multiple preclinical endpoints, including animal mobility which was measured using a
novel digital platform. These three drug candidates do not act on common RA therapeutic
targets; however, links between known candidate pharmacology and pathological processes
involved in RA suggest hypothetical mechanisms contributing to the observed efficacy.
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Main text:

Over 20 million people globally suffer from rheumatoid arthritis (RA), an autoimmune disease
that leads to inflammation, destruction of bone and cartilage, and joint deformity1. This disease is
a significant economic burden given that lost productivity and treatment costs approach $46
billion annually in the US. RA drives an $11 billion therapy market that is projected to grow to
upwards of $20 billion by 20202.

Despite recent advances in treatment options, disease progression and symptoms are
inadequately controlled in 30-50% of RA patients3. A deeper understanding of the immune
system in RA has led to improved treatment options such as Disease-Modifying Anti-Rheumatic
Drugs (DMARDs) that can delay disease progression. However, these therapies have highly
variable efficacy and tolerability among patients, and can leave them vulnerable to lifethreatening infections due to broad dampening of factors involved in the immune response4–6.

The current RA drug development pipeline is heavily enriched for known immunomodulatory
and anti-inflammatory targets. Indeed, data from ClinicalTrials.gov revealed that over 80% of all
candidates in Phase 2 or Phase 3 clinical trials act through an immune or inflammation target
(Table S1). However, such therapies are reported to be ineffective at reducing RA symptoms or
slowing disease progression in some patients and have many undesired side effects3.
Consequently, patients remain in need of selective, efficacious, tolerable, and safe RA
treatments.

By using existing Food and Drug Administration (FDA)-approved drugs for new indications,
drug repositioning can enable therapies to go directly into preclinical testing and clinical trials,
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which helps to reduce the overall costs and risks associated with drug development7. A wellknown example of drug repositioning is sildenafil, which was initially developed to treat angina,
and is now indicated for erectile dysfunction8 and pulmonary arterial hypertension9. Traditional
drug repurposing also led to the use of methotrexate, which was originally developed for
treatment of cancer, as a first-line therapy for rheumatoid arthritis10.

In recent years, a variety of innovative computational methods have been developed to reposition
FDA-approved drugs11. Such unbiased approaches have identified genes that are targets of
approved RA therapies12, and could aid in repurposing additional drugs for RA. This strategy has
been successful in identifying drug candidates for diseases such as Charcot-Marie-Tooth type
1A13,14, which are in Phase III clinical trials. Similar efforts are currently underway for other
diseases including oncology and central nervous system disorders15.

We developed an integrative biomedical-informatics-based drug discovery platform that aids in
drug discovery by leveraging large amounts of biological, chemical, and clinical data in an
unbiased manner. Using this platform, we processed data associated with over 22,000 existing
drugs, with the goal of identifying drug candidates for repurposing in RA. In this study, we
describe drug candidates that appear to target novel pathways for the treatment of RA while
maintaining well-characterized toxicology and tolerability profiles. Based on promising efficacy
data obtained from preclinical in vivo studies, we believe that these candidates have therapeutic
potential for RA.
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Results

Integrative biomedical-informatics-based drug predictions

Most current RA treatments target similar pathways and at least 30% of patients are not
adequately treated by these drugs3,16. Thus, we set out to predict novel RA treatments acting
through mechanisms of action that differ from existing therapies. To do so, we used our
DUMA™ Drug Discovery platform, an integrative biomedical-informatics-based software that
predicts drug candidates by integrating disparate biological, chemical, and clinical data. In the
first stage, multiple large-scale data sets were sourced and loaded into the platform. These
datasets included clinical gene expression data, protein interaction networks, drug-protein
binding databases, molecular drug structures, and clinical observation data (Fig. 1). During the
sourcing and loading process, datasets were carefully analyzed and run through quality control
methods to ensure robust and informative data (see Methods).

Gene expression meta-analysis

A meta-analysis of gene expression changes in RA patients compared to healthy controls was
performed using nearly one thousand samples spanning 9 datasets, and 7 tissue and cell types
implicated in the pathology of RA (see Methods). For initial verification of this meta-analysis,
we performed a gene set enrichment analysis using Reactome, a curated pathway database (Table
S2)17. A total of 52 and 71 pathways were found to be significantly down-regulated and upregulated, respectively (Fig. 2; FDR < 0.05). To aid interpretation, the most significant
pathways were aggregated into general themes (Fig. 2). Significantly down-regulated groups
included several pathways previously associated with RA, including translational and
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transcriptional processes18, phosphatidylinositol metabolism19, as well as FGFR and PI3K signal
transduction pathways20,21. Those pathways significantly up-regulated included expected themes
such as immune processes22, ECM organization23, hemostasis22, glycosaminoglycan
metabolism24, as well as pathways not previously implicated in RA pathogenesis such as insulin
signaling. These results indicate that in addition to capturing well established pathways
associated with RA, our meta-analysis may be uncovering previously unknown mechanisms
involved in the development and progression of the disease.

Drug-protein interaction network

To harness the agnostic and predictive capacity of our gene expression meta-analysis, we
employed a systems biology approach. Specifically, information on drug-protein interaction was
collected for 22,310 drug candidates from DrugBank25 and the Therapeutic Target Database
(TTD)26 along with protein-protein interaction data from Dr. PIAS27. This systems
interaction data was integrated with expression changes from the gene expression analysis
described above (Fig. 2), and drug candidates were scored according to the number and
confidence of their interactions with proteins whose corresponding genes were misexpressed
(Fig. 3A). In this method, scoring favors drugs that interact with proteins that are over- or underexpressed in multiple gene expression datasets. The predictive capacity of this scoring method
was evaluated by examination of scores for existing RA treatments. This analysis revealed that
existing RA therapies, such as adalimumab, were highly enriched among top-scoring candidates
(Fig. 3A, p = 1.7x10-15). These results demonstrated that by combining differential gene
expression and systems biology interactions in a network-based scoring method, existing RA
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treatments could be re-discovered. This enrichment of existing treatments served as a positive
control and provided support to the predictions made using this model.

Drug-disease co-occurrence

To identify novel RA treatments, we next turned to clinical data sources as an orthogonal
approach to the systems biology approach described in Figure 2 and 3a. To do so, drug-disease
co-occurrence scores were calculated by accessing disease diagnoses and medication use
information from participants in the FDA Adverse Event Reporting System28. Drug candidates
that tend to co-occur with RA diagnoses, as indicated by positive scores, could represent
efficacious off-label treatments or medications used to treat co-morbidities of RA (Fig. 3b).
Candidates that tend to co-occur with an RA diagnosis less often than expected by chance, as
indicated by negative scores, could represent treatments that are protective against RA (thereby
keeping patients from developing RA) or contraindicated in patients with RA (Fig. 3b). For this
analysis, we also verified that we were re-discovering existing treatments for RA. Indeed,
existing RA treatments were enriched among top-scoring candidates using this drug-disease cooccurrence method (Fig. 3b, p = 4x10-3).

Aggregate scoring

Next, predictions were synergistically integrated from our orthogonal approaches to produce an
aggregate score for each drug. Using a proprietary machine learning-based approach, candidate
drug efficacy scores and features from the systems biology interaction network and drug-disease
co-occurrence were aggregated into a single score (Fig. 3c). As done with the individual scores,
the predictive capacity of this final step was evaluated based on the ability to assign high efficacy
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scores to treatments currently used for RA. Integrating predictions from orthogonal approaches
resulted in even greater enrichment of RA treatments (Table S3, Fig. 3c, p = 9x10-20), and in fact,
among the top 400 overall efficacy-ranked drugs, 53 out of the 55 FDA-approved or clinically
used treatments for RA were identified. Using a bootstrapping approach to generate a null
distribution, we demonstrated that this enrichment is approximately 12-fold over what might be
expected in a disease model with random predictive capacity. This result demonstrated the power
of an integrative approach and the robustness of our platform in predicting drug candidates to
treat RA.

In vivo validation of candidates

After establishing credibility of our drug predictions using existing treatments as a benchmark
(Fig. 3c), we next sought to identify novel RA drug candidates using a similar approach. To
ensure the novelty of these candidates, any existing RA treatments were not considered and we
employed a multi-disciplinary team review of our top 50 candidates based on set criteria. During
this systematic review process, we excluded any candidates that were previously suggested as
RA treatments, or that acted through targets of existing or hypothesized RA treatments as
evidenced in the research literature or patents. In addition, any candidates deemed unsafe for RA
due to toxicity concerns or were unavailable for commercial purchase were excluded.

Following our systematic review, ten of the 50 highest-ranked candidates by our platform were
tested in the collagen-induced arthritis (CIA) model using a novel digital platform. In this
standard preclinical model for RA, rats develop autoimmunity against collagen, leading to joint
inflammation and degeneration29. At Day 0, female Lewis rats were injected with type II
collagen in incomplete Freud’s adjuvant to induce arthritis, and a booster was administered on

bioRxiv preprint doi: https://doi.org/10.1101/243998; this version posted January 7, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Day 7 (Fig. 4a). Animals were then randomly assigned to treatment groups (8 animals per
group). Vehicle or test drug was administered daily starting at Day 9. Dexamethasone (75
µg/kg), a glucocorticoid used to treat autoimmune and inflammatory processes such as RA30,
was used as an additional control31. An efficacious dose of dexamethasone was chosen for these
animal experiments32. However, this drug is only administered at low doses clinically due to
toxicities associated with their chronic use 33,34. Therefore, it is highly unlikely for a test drug to
outperform dexamethasone in the preclinical setting35.

Multiple endpoints were measured to assess disease progression. These included daily scoring of
hind-limb inflammation and ankle width measurements on the days indicated in Figure 4a.
Animal activity also was continuously monitored using an automated, digital platform in order to
calculate the Digital Arthritis Index (DAI), an activity-dependent index of RA disease
progression35. This index accounted for the baseline movement of the rats, which was calculated
from the mobility of each animal during Days -2 to 5. An increase in the DAI corresponded with
reduced mobility, which in turn correlated with increased disease severity.

From the ten candidates tested (Table S4), exenatide (10µg/kg), olopatadine (2mg/kg), and TXR112 (0.5mg/kg) showed promise. All of these molecules significantly improved standard
endpoints in the CIA model (Fig. 4, Table S5-S7). Exenatide, a glucagon-like peptide-1 agonist,
and olopatadine, an antihistamine, are currently approved for the treatment of type 2 diabetes and
allergic conjunctivitis, respectively. TXR-112 is still under investigation, and therefore, its name
and mechanism will not be discussed further here. On Day 13 and Day 14, treatment
with exenatide significantly reduced mean limb inflammation scores compared to vehicle-treated
animals (Fig. 4b; p = 0.0177), and this trend was observed until the end of the study. Olopatadine
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treatment reduced limb inflammation at multiple time points; however, none of these effects
were statistically significant (Fig. 4b). Ankle size also significantly decreased in animals treated
with exenatide and olopatadine compared to their respective controls (Fig. 4c; p = 0.0305 and p
< 0.0001, respectively). Treatment with exenatide (Supplementary Movie S1a) and olopatadine
also significantly improve DAI, which indicated partial preservation of mobility (Fig. 4d). As
expected, the inflammation score and ankle size did not increase significantly in animals treated
with dexamethasone (Fig.4b and 4c). In addition, no significant changes in mobility were
observed in this group (Fig. 4c). These results demonstrated that treatment with exenatide and
olopatadine significantly lowered the arthritis index compared to vehicle-treated controls, and
partially preserved mobility during late stages of CIA progression (Fig. 4d).

Histopathological analysis was performed on ankles from animals treated with exenatide and
olopatadine to corroborate the holistic readouts above. This analysis measured several
parameters including inflammation, cartilage degradation, and bone resorption (Fig. 5a and 5b).
Treatment with both drugs tended to lower histological scores compared to their respective
vehicle-treated animals (Fig. 5c).

In summary, our study demonstrated the power of using computational approaches to integrate
large-scale, disparate data sources to identify novel and efficacious treatment of disease. The
validation data from the in vivo preclinical model indicated that exenatide, olopatadine, and
TXR-112 improved multiple outcomes of CIA, and showed therapeutic potential for the
treatment of RA.
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Discussion

In this study, we rapidly identified high-potential treatments from among tens of thousands of
possible drug candidates for RA using an integrative biomedical-informatics drug discovery
platform. Identification of lead candidates occurred through three main phases over a 4-month
period (Fig. 1). In Phase 1, 22,310 large and small molecules present in DrugBank25 and TTD26
were scored based on computationally-predicted therapeutic potential to yield 50 highprobability drugs candidates for RA. In Phase 2, algorithm evaluation and candidate due
diligence identified 10 optimal candidates for further in vivo testing. In Phase 3, these 10
candidates were tested in preclinical studies and 3 lead candidates were identified.

The efficacy of our lead candidates, exenatide, olopatadine, and TXR-112, was demonstrated in
a preclinical collagen-induced arthritis (CIA) model of RA. This is a highly reproducible model
of severe polyarthritis that occurs when rodents develop immunity against collagen36. CIA
in rodents phenocopies most of the features of RA: cartilage destruction, presence of immune
cells in the joints, bone resorption, and inflammation. In particular, CIA in Lewis rats is a
commonly used model for late, chronic stages of RA37. All three lead candidates improved limb
inflammation, ankle size, and the Digital Arthritis Index (DAI) compared to their respective
controls (Fig. 4, Fig. 5, Table S5-S7). Improvement in traditional endpoints, such as ankle joint
measurements and clinical scores are indicative of reduced inflammation, erythema, and
edema32,38. On the other hand, improvements in the DAI, a validated, activity-dependent, and
indirect readout of disease severity, may indicate improved function and mobility35. Functional
impairments, including activity and gait measurements have been described in RA models, and
have been shown to better correlate with joint damage compared to clinical scores later in
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disease39. In RA patients, impaired mobility impacts productivity, participation in work and
recreational activities, and quality of life 2; therefore, we included mobility as an efficacy
outcome to capture the potential benefit of drug candidates in this key feature of RA. Even
though the observed benefits of exenatide, olopatadine, and TXR-112 in the preclinical model
are modest, we believe that our initial findings provide proof-of-concept, and further dose
optimization and formulation of these drug candidates may yield greater efficacy. The doses
chosen for this study were inferred from previous studies, where these drugs were investigated in
the context of their canonical diseases in other organisms. Future studies should also involve
replicating findings in other standard preclinical animal models of RA.

Current knowledge of these candidates’ targets and mechanisms for their original indication
suggest that they do not act on common therapeutic targets for RA. We believe that these
therapies improved in vivo endpoints by acting either on known targets in their approved
indication, or engaging other uncharacterized therapeutic targets for RA. Elucidation of the
precise mechanism of action of these drug candidates requires follow-up investigation as it was
beyond the scope of this study. Future work will focus on identifying the target(s) that lead to
improved outcomes in animal models of RA by leveraging what is already known about these
candidates. As motioned previously, TXR-112 is a lead candidate that is still under investigation,
therefore its name and mechanism will not be discussed further.

Exenatide is a glucagon-like peptide-1 (GLP-1) receptor agonist currently approved for the
treatment of type 2 diabetes (T2D). It exerts its effects by increasing glucose-dependent insulin
secretion, reducing glucagon levels, and promoting weight loss40. Links between
RA and metabolic changes have been previously documented. Although the joints are proximally
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impacted in RA, cardiovascular disease, altered fat deposition, and insulin resistance are
common co-morbidities41. Our gene expression meta-analysis also indicated an upregulation of
insulin signaling in RA patients. The causal relationship between inflammation, RA, and insulin
resistance is still unclear. At the molecular level, several reports suggest that metabolic
symptoms associated with T2D could aggravate symptoms and disease progression in RA. In
particular, hyperglycemia can increase plasma levels of TNF-α and IL-642, both of which are
pro-inflammatory cytokines with well-established roles in RA progression and as RA therapeutic
targets16. Low doses of insulin can reduce levels of several factors implicated in immune cell
migration and cartilage destruction in RA, including matrix metalloproteases and chemokines43.
RA patients with the highest-grade inflammation also tend to be more insulin resistant than
patients with low-grade inflammation44. These associations may point at a potential therapeutic
benefit of repurposing T2D medications like exenatide in RA.

The specific anti-inflammatory and immunomodulatory properties of GLP-1
receptor agonists like exenatide are gaining recognition. Although these drugs treat diabetes by
activating receptors expressed in the liver and pancreas, GLP-1 receptors are also expressed by
various immune cells, including lymphocytes and macrophages45–47. Activity of GLP-1 receptor
agonists on these cell types may augment therapeutic benefit in T2D, and may support the
efficacy of these drugs in RA. Purified human GLP-1 was shown to inhibit chemokine-induced
migration of lymphocytes48, and can regulate the proliferation of other immune cells47. Exenatide
treatment in vitro can also shift macrophages from a pro-inflammatory M1 state to an antiinflammatory M2 state46. Together, these studies suggest that GLP-1 receptor agonists like
exenatide may indirectly modulate inflammatory and immune processes to relieve RA symptoms
and slow disease progression.
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Olopatadine is an anti-histamine and mast cell stabilizer indicated for allergic conjunctivitis and
allergic rhinitis49. It works by antagonizing histamine H1 to inhibit the release of histamine from
mast cells. Histamine is widely regarded as pro-inflammatory and induces chemotaxis of various
other immune cell types that may potentiate inflammation and
immune responses50. Rheumatoid synoviocytes express receptors for histamine H51, and
administration of histamine to cultured synovial fibroblasts increased cell proliferation.
Histamine can also stimulate expression of a matrix metalloprotease, an enzyme involved in
cartilage degradation.

Olopatadine physically interacts with and likely has antagonistic activity towards several
proteins in the S100 family of proteins52, which are implicated in a wide array of physiological
processes, including inflammation and the immune response53. Specifically,
olopatadine antagonizes the proinflammatory effects of S100A12, and inhibits the ability of this
protein to induce chemotaxis for several immune cell types49. Several lines of evidence suggest
that S100A12 protein levels correlate with RA disease activity or severity54,55. In addition,
injecting S100A12 into mice mobilized neutrophils to sites of inflammation56. S100A12 may
therefore reflect a novel therapeutic target for RA.

In addition to identifying new drug candidates and lead compounds, employing an unbiased
computational approach such as ours to repurpose therapies can lead to a deeper understanding
of RA pathophysiology. These drugs can be used to reveal previously unappreciated mechanisms
involved in RA disease progression, which could in turn help identify new pathways and targets
for drug development. In addition, identification of drugs that could be repurposed for RA can
also serve as lead tool compounds which can be refined to produce novel candidates that can be
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more effective in treating RA. Results reported in this study validate our computational approach
to drug discovery, and can easily be expanded to find novel mechanisms and therapies in other
disease areas. This powerful approach does have limitations, the foremost of which is the
requirement of sufficient quantities and diversity of quality data for the disease of interest and
drugs investigated.

In summary, using a proprietary biomedical-informatics drug discovery platform, we processed
patient-derived biological and clinical data along with data associated with over 22,000 existing
drugs to identify candidates for drug repurposing in RA. Results in the CIA model suggest that
exenatide, olopatadine, and TXR-112 improve endpoints by acting on either the known targets in
their approved indication, or yet-to-be-discovered targets, that are being engaged in a way that is
therapeutic for RA. This computational approach can be applied to numerous other disease
indications to dramatically expedite drug discovery.

Materials and Methods

Gene expression meta-analysis data

Molecular data sources:
All RA patient-derived gene expression datasets from Gene Expression Omnibus57 were
reviewed for sustainability with our meta-analysis. We required there to be healthy controls as
part of the experimental design and the datasets went through several quality control checks,
including ArrayQualityMetricsTM 58. As a result, a total of 9 gene expression datasets from
diverse disease-relevant tissues (synovial tissues, T-cell sub-types, and whole blood) were
included (GSE20098, GSE57383, GSE57405, GSE45291, GSE7524, GSE1919, GSE55235,
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GSE12021, GSE55457, GSE10500, and GSE29746). Raw data were downloaded and
normalized using RMA (R package Affy)59 when such data were avaiable. For all datasets,
Limma 60 was used to identify significant differentially expressed genes. Default settings were
used for all packages.

Drug-protein interaction network for rheumatoid arthritis:
Scores for drug-protein associations were assigned as previously described61. Briefly,
differentially expressed genes were mapped to proteins using UniProt identifiers. Differentially
expressed proteins in RA, drugs linked by drug-protein interactions (DrugBank.ca v4.025 and
Therapeutic Target Database (TTD)26), and proteins linked by protein-protein interactions (PPI;
Dr. PIAS27), were integrated in a network (Fig. 2). Drugs were scored according to: 1) the
number of proteins differentially expressed in RA with which that drug’s targets interact, 2) the
confidence and directionality of those interactions, and 3) the consistency of differential protein
expression across individual RA datasets.

Enrichment of existing RA treatments among drug predictions:
A method similar to Gene Set Enrichment Analysis (GSEA)62 was used to determine the
enrichment of existing treatments among the highest scoring drugs identified using any given
method as previously described61.

Drug-disease co-occurrence and aggregate scoring:

All event records from the first quarter of 2013 through the third quarter of 2014 were
downloaded from the FDA Adverse Event Reporting System (FAERS). All drug and disease
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indications were extracted from each event; here an event is a single reporting and thus consists
of a single patient. Drugs were identified using the name listed in FAERS and matching that to
the canonical names or synonyms provided by DrugBank or TTD. If perfect matches were not
present, drug names were split on parentheses (often used to denote dosage), and the resulting
name used to match to DrugBank and TTD. Unmappable drug names were excluded from
subsequent analysis.

To calculate the strength of association between each drug and rheumatoid arthritis, Fisher’s
exact test was used to calculate the odds ratio of taking that drug and having RA along with the
corresponding two-tailed p-value, which was multiple hypothesis corrected using BenjaminiHochberg. The odds ratio for each drug was converted to a score by taking the absolute value of
the log2 of that ratio. Drugs with a corrected p-value greater than 0.05 had their scores set to 0, in
effect removing them from the analysis.

Scores derived from each of the above methods were integrated using our proprietary machine
learning algorithm.

Candidate review

Following prioritization of drug candidates using twoXAR’s proprietary algorithms, the top 50
candidates were manually inspected to ensure novelty and applicability for the project. Any
candidates previously researched or patented for treatment of RA were excluded. In addition, we
required all drugs to be commercially available and eliminated any candidates with unacceptable
toxicity profiles for chronic use.

Collagen-induced arthritis (CIA) Induction

bioRxiv preprint doi: https://doi.org/10.1101/243998; this version posted January 7, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Female Lewis rats between 7-10 weeks of age and weighing approximately 175g were obtained
from Charles River (Wilmington, MA) and habituated for 7 days prior to CIA induction. Rats
were housed singly in 12-hour light/dark cycles with unrestricted access to food and
water. During this habituation period, rat mobility and weight were recorded and used to
randomly assign animals to treatment groups. To prepare the inoculum for CIA induction,
lyophilized porcine type II collagen obtained from Chondrex (Redmond, WA) was added to
0.01N acetic acid to a final concentration of 2 mg/mL. The collagen inoculum was then
emulsified with an equal volume of incomplete Freud’s adjuvant (IFA) obtained from SigmaAldrich (St. Louis, MO). Rats were then anesthetized with 5% isofluorane, the base of the tail
was shaved, and 200 µL of inoculum was injected at two sites at the base of the tail. This marked
Day 0 of the study. A second, single booster injection of collagen-IFA (100 µL) was
administered at the base of the tail 7 days after initial inoculation (Day 7), as previously
described63,64. All animal experiments were conducted at Vium, Inc. (San Mateo, CA) and the
animal use protocol was approved by Vium’s Institutional Animal Care and Use Committee
(IACUC).

Candidate Drug and Control Dosing

Each drug candidate was tested using three groups consisting of 8 rats each. The number of rats
included in each group was determined by power analysis. Three testing doses (high, mid, and
low) for each candidate were determined by identifying the maximally tolerated and minimally
efficacious doses used in previous non-RA studies in rats. If data in rats were not available,
doses were inferred based on studies in other organisms. Rats were randomly assigned to
treatment groups according to data on mobility and body weight collected during the habituation
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period. In Lewis rats, arthritis symptoms develop approximately 10 days after immunization with
collagen and IFA29. Starting on Day 9, animals were treated daily with one of three doses of each
drug candidate or the drug vehicle as indicated in Table S8. TXR-112 (Sigma; St. Louis, MO)
and exenatide (Cayman Chemical; Ann Arbor, MI) were formulated in saline. Olopatidine
(Cayman Chemical; Ann Arbor, MI) was formulated in 1% DMSO. Dexamethasone (MWI;
Grand Prairie, TX) was formulated in 0.5% methylcellulose and administered orally. An
appropriate route of administration (intraperitoneal, subcutaneous, or oral) was determined for
each drug candidate (Table S8). All dosing was performed by personnel blinded to the treatment
group. Treatment continued until Day 16. All animals were euthanized by CO2 inhalation on Day
17 of the study. The right and left ankles were removed and placed in 10% neutral buffered
formalin for histological analysis.

Efficacy Outcomes

Several standard outcomes were measured to examine the severity of arthritis development and
efficacy of candidate and control treatments 63,65. Both ankle joints were measured by caliper
prior to CIA induction (day 0) and again on days 7 and 17 for all drugs. For animals treated with
olopatidine only, an additional ankle measurement was collected on day 14. Ankle sizes for both
right and left were averaged during analysis and normalized to the mean size for each group at
Day 0. On days 0, 7, and 9-16, animals were scored for hind limb inflammation as described in
Table 1. Scores for both limbs were summed during analysis. In addition to standard measures,
the validated Digital Arthritis Index (DAI) was continuously collected as previously described35.
Briefly, for each individual animal, salient features of motion, including maximum speed during
the dark cycle, was extracted and aggregated by study day, then normalized to a baseline period
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(Study Days -2 to 5, excluding induction Day 0). An increased DAI score corresponds
to reduced mobility relative to baseline.
Score
0
1
2
3
4

Limb inflammation assessment
Normal
Mild, but definite redness and swelling of the ankle, or apparent redness and swelling
limited to individual digits, regardless of the number of affected digits
Moderate redness and swelling of the ankle
Severe redness and swelling of the entire paw including digits
Maximally inflamed limb with involvement of multiple joints

Table 1. Hind limb inflammation scoring. Scores for hind limb inflammation were assigned
based on the criteria described.

Histopathology and microscopic damage assessment

Formalin-fixed ankle joints were submitted to Bolder BioPATH (Boulder, CO) for processing,
sectioning, and evaluation. Decalcified ankles were cut in half longitudinally and the two halves
were embedded together in a paraffin block. Sections were cut from each block and stained with
toluidine blue. Joints were examined microscopically in a blinded fashion by a board certified
veterinary pathologist and observations were entered into a computer-assisted data retrieval
system. Ankle inflammation, pannus, cartilage damage, bone resorption, and new periosteal bone
formation were scored and the summed score was calculated for each ankle.

List of Supplementary Materials
Table S1. Drugs in clinical trials for RA.
Table S2. Reactome pathway analysis of differentially expressed proteins in rheumatoid arthritis
samples versus controls.
Table S3. Top 100 candidates identified using the aggregated scoring method.
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Table S4. List of 10 drug candidates selected for in vivo testing in cartilage-induced arthritis
animal model.
Table S5. Raw inflammation scores of animals treated with exenatide, olopatidine, and TXR112.
Table S6. Raw ankle measurements of animals treated with exenatide, olopatidine, and TXR112.
Table S7. Raw Digital Arthritis Index Scores of animals treated with exenatide, olopatidine, and
TXR-112.
Table S8. Route of administration and dosage used for exenatide, olopatidine, and TXR-112 in in
vivo studies.
Movie S1. Digital recording of exenatide (b)- and vehicle (a)-treated animals.

References and Notes:
1.

Sewell, K. L. & Trentham, D. E. Pathogenesis of rheumatoid arthritis. The Lancet 283–

286 (1993). doi:10.1016/0140-6736(93)92627-6
2.

Taylor, P., Moore, A., Vasilescu, R., Alvir, J. & Tarallo, M. A structured literature

review of the burden of illness and unmet needs in patients with rheumatoid arthritis: a current
perspective. Rheumatology International 36, 685–695 (2015).
3.

Rosenthal, K. et al. Rheumatoid arthritis vaccine therapies: perspectives and lessons from

therapeutic ligand epitope antigen presentation system vaccines for models of rheumatoid
arthritis. Expert Review of Vaccines 891–908 (2015). doi:10.1586/14760584.2015.1026330
4.

Rubbert-Roth, A. Assessing the safety of biologic agents in patients with rheumatoid

arthritis. Rheumatology v38–v47 (2012). doi:10.1093/rheumatology/kes114
5.

Jacobi, A. & Dörner, T. Current aspects of anti-CD20 therapy in rheumatoid arthritis.

bioRxiv preprint doi: https://doi.org/10.1101/243998; this version posted January 7, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Current Opinion in Pharmacology 316–321 (2010). doi:10.1016/j.coph.2010.02.002
6.

Frampton, J. & Scott, L. Rituximab: in rheumatoid arthritis. BioDrugs: clinical

immunotherapeutics, biopharmaceuticals and gene therapy 333–41: discussion 342 (2007).
7.

Ashburn, T. & Thor, K. Drug repositioning: identifying and developing new uses for

existing drugs. Nat Rev Drug Discov 3, 673–683 (2004).
8.

Renaud, R. & Xuereb, H. Erectile-dysfunction therapies. Nature Reviews Drug Discovery

663–664 (2002). doi:10.1038/nrd898
9.

Ghofrani, H., Osterloh, I. & Grimminger, F. Sildenafil: from angina to erectile

dysfunction to pulmonary hypertension and beyond. Nature Reviews Drug Discovery 689–702
(2006). doi:10.1038/nrd2030
10.

Cronstein, B. Low-Dose Methotrexate: A Mainstay in the Treatment of Rheumatoid

Arthritis. Pharmacological Reviews 57, 163–172 (2005).
11.

Science, S., Vogrinc, D., Kunej, T. & Science, S. Drug repositioning: computational

approaches and research examples classified according to the evidence level. e75 (2017).
doi:10.15190/d.2017.5
12.

Okada, Y. et al. Genetics of rheumatoid arthritis contributes to biology and drug

discovery. Nature 506, 376–381 (2013).
13.

Chumakov, I. et al. Polytherapy with a combination of three repurposed drugs

(PXT3003) down-regulates Pmp22 over-expression and improves myelination, axonal and
functional parameters in models of CMT1A neuropathy. Orphanet Journal of Rare Diseases 201
(2014). doi:10.1186/s13023-014-0201-x
14.

Attarian, S. et al. An exploratory randomised double-blind and placebo-controlled phase

2 study of a combination of baclofen, naltrexone and sorbitol (PXT3003) in patients with

bioRxiv preprint doi: https://doi.org/10.1101/243998; this version posted January 7, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Charcot-Marie-Tooth disease type 1A. Orphanet journal of rare diseases 199 (2014).
doi:10.1186/s13023-014-0199-0
15.

Smalley, E. AI-powered drug discovery captures pharma interest. Nature Biotechnology

604–605 (2017). doi:10.1038/nbt0717-604
16.

Koenders, M. & Berg, W. van den. Novel therapeutic targets in rheumatoid arthritis.

Trends in Pharmacological Sciences 189–195 (2015). doi:10.1016/j.tips.2015.02.001
17.

Fabregat, A. et al. The Reactome pathway Knowledgebase. Nucleic acids research

D481–7 (2015). doi:10.1093/nar/gkv1351
18.

Teixeira, V. et al. Transcriptome Analysis Describing New Immunity and Defense Genes

in Peripheral Blood Mononuclear Cells of Rheumatoid Arthritis Patients. PLoS ONE e6803
(2009). doi:10.1371/journal.pone.0006803
19.

Chimenti et al. The interplay between inflammation and metabolism in rheumatoid

arthritis. Cell Death & Disease e1887 (2015). doi:10.1038/cddis.2015.246
20.

Byrd, V., Zhao, X., McKeehan, W., Miller, G. & Thomas, J. Expression and functional

expansion of fibroblast growth factor receptor T cells in rheumatoid synovium and peripheral
blood of patients with rheumatoid arthritis. Arthritis & Rheumatism 914–922 (1996).
doi:10.1002/art.1780390607
21.

Rommel, C., Camps, M. & Ji, H. PI3Kδ and PI3Kγ: partners in crime in inflammation in

rheumatoid arthritis and beyond? Nature Reviews Immunology 191–201 (2007).
doi:10.1038/nri2036
22.

Koetz et al. T cell homeostasis in patients with rheumatoid arthritis. Proceedings of the

National Academy of Sciences of the United States of America 9203–8 (2000).
doi:10.1073/pnas.97.16.9203

bioRxiv preprint doi: https://doi.org/10.1101/243998; this version posted January 7, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

23.

Karsdal, M. et al. Biochemical markers of ongoing joint damage in rheumatoid arthritis -

current and future applications, limitations and opportunities. Arthritis Research & Therapy 215
(2011). doi:10.1186/ar3280
24.

Reddy, K. & Dhar, S. C. Metabolism of glycosaminoglycans in tissues of adjuvant

arthritic rat. Molecular and Cellular Biochemistry 117–24 (1991). doi:10.1007/BF00230177
25.

Law, V. et al. DrugBank 4.0: shedding new light on drug metabolism. Nucleic Acids

Research D1091–D1097 (2014). doi:10.1093/nar/gkt1068
26.

Zhu, F. et al. Therapeutic target database update 2012: a resource for facilitating target-

oriented drug discovery. Nucleic Acids Research D1128–D1136 (2012). doi:10.1093/nar/gkr797
27.

Sugaya, N. & Furuya, T. Dr. PIAS: an integrative system for assessing the druggability of

protein-protein interactions. BMC Bioinformatics 1–12 (2011). doi:10.1186/1471-2105-12-50
28.

Banda, J. et al. A curated and standardized adverse drug event resource to accelerate drug

safety research. Scientific Data 160026 (2016). doi:10.1038/sdata.2016.26
29.

Hegen, Keith, Collins & Nickerson-Nutter. Utility of animal models for identification of

potential therapeutics for rheumatoid arthritis. Annals of the rheumatic diseases 67, 1505–15
(2008).
30.

Buckingham, J. Glucocorticoids: exemplars of multi‐tasking. British Journal of

Pharmacology S258–S268 (2006). doi:10.1038/sj.bjp.0706456
31.

Oestergaard et al. Evaluation of Cartilage and Bone Degradation in a Murine Collagen

Antibody‐induced Arthritis Model. Scandinavian Journal of Immunology 304–312 (2008).
doi:10.1111/j.1365-3083.2007.02060.x
32.

Bendele. Animal models of rheumatoid arthritis. Journal of musculoskeletal & neuronal

interactions 377–85 (2001).

bioRxiv preprint doi: https://doi.org/10.1101/243998; this version posted January 7, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

33.

Doan, T. & Massarotti, E. Rheumatoid Arthritis: An Overview of New and Emerging

Therapies. The Journal of Clinical Pharmacology 751–762 (2005).
doi:10.1177/0091270005277938
34.

Kremers, H., Nicola, P., Crowson, C., O’Fallon, M. & Gabriel, S. Therapeutic strategies

in rheumatoid arthritis over a 40-year period. The Journal of rheumatology 2366–73 (2004).
35.

Lim, M. et al. Development of the Digital Arthritis Index, a Novel Metric to Measure

Disease Parameters in a Rat Model of Rheumatoid Arthritis. Frontiers in Pharmacology 8:818
(2017). doi: 10.3389/fphar.2017.00818
36.

Stu, J., Townes, A. & Kang, A. Type II Collagen‐induced Arthritis. Annals of the New

York Academy of Sciences 355–362 (1985). doi:10.1111/j.1749-6632.1985.tb51182.x
37.

Bevaart, L., Vervoordeldonk, M. & Tak, P. Evaluation of therapeutic targets in animal

models of arthritis: how does it relate to rheumatoid arthritis? Arthritis and rheumatism 62,
2192–205 (2010).
38.

Brand, D., Latham, K. & Rosloniec, E. Collagen-induced arthritis. Nature Protocols

1269–1275 (2007). doi:10.1038/nprot.2007.173
39.

Hayer, S. et al. Cartilage damage and bone erosion are more prominent determinants of

functional impairment in longstanding experimental arthritis than synovial inflammation.
Disease Models & Mechanisms 1329–1338 (2016). doi:10.1242/dmm.025460
40.

McCormack, P. Exenatide Twice Daily: A Review of Its Use in the Management of

Patients with Type 2 Diabetes Mellitus. Drugs 325–51 (2014). doi:10.1007/s40265-013-0172-6
41.

Kerekes, G. et al. Rheumatoid arthritis and metabolic syndrome. Nature Reviews

Rheumatology 691–696 (2014). doi:10.1038/nrrheum.2014.121
42.

Esposito, K. et al. Inflammatory cytokine concentrations are acutely increased by

bioRxiv preprint doi: https://doi.org/10.1101/243998; this version posted January 7, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

hyperglycemia in humans: role of oxidative stress. Circulation 106, 2067–72 (2002).
43.

Dandona et al. Insulin inhibits intranuclear nuclear factor kappaB and stimulates IkappaB

in mononuclear cells in obese subjects: evidence for an anti-inflammatory effect? The Journal of
clinical endocrinology and metabolism 3257–65 (2001).
44.

Dessein, P. & Joffe, B. Insulin resistance and impaired beta cell function in rheumatoid

arthritis. Arthritis and rheumatism 54, 2765–75 (2006).
45.

Hogan et al. Glucagon-like peptide-1 (GLP-1) and the regulation of human invariant

natural killer T cells: lessons from obesity, diabetes and psoriasis. Diabetologia 54, 2745–54
(2011).
46.

Shiraishi, D., Fujiwara, Y., Komohara, Y., Mizuta, H. & Takeya, M. Glucagon-like

peptide-1 (GLP-1) induces M2 polarization of human macrophages via STAT3 activation.
Biochemical and Biophysical Research Communications 304–308 (2012).
doi:10.1016/j.bbrc.2012.07.086
47.

Hadjiyanni, Siminovitch, Danska & Drucker. Glucagon-like peptide-1 receptor signalling

selectively regulates murine lymphocyte proliferation and maintenance of peripheral regulatory
T cells. Diabetologia 53, 730–40 (2010).
48.

Marx, N. et al. Glucagon-like peptide-1(1-37) inhibits chemokine-induced migration of

human CD4-positive lymphocytes. Cellular and Molecular Life Sciences 3549–3555 (2010).
doi:10.1007/s00018-010-0396-5
49.

Kishimoto, K., Kaneko, S., Ohmori, K., Tamura, T. & Hasegawa, K. Olopatadine

suppresses the migration of THP-1 monocytes induced by S100A12 protein. Mediators of
inflammation 2006, 42726 (2006).
50.

Jadidi-Niaragh, F. & Mirshafiey, A. Histamine and histamine receptors in pathogenesis

bioRxiv preprint doi: https://doi.org/10.1101/243998; this version posted January 7, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

and treatment of multiple sclerosis. Neuropharmacology 59, 180–9 (2010).
51.

Zenmyo, Hiraoka, Komiya, Morimatsu & Sasaguri. Histamine-stimulated production of

matrix metalloproteinase 1 by human rheumatoid synovial fibroblasts is mediated by histamine
H1-receptors. Virchows Archiv: an international journal of pathology 427, 437–44 (1995).
52.

Okada, M., Tokumitsu, H., Kubota, Y. & Kobayashi, R. Interaction of S100 Proteins with

the Antiallergic Drugs, Olopatadine, Amlexanox, and Cromolyn: Identification of Putative Drug
Binding Sites on S100A1 Protein. Biochemical and Biophysical Research Communications
1023–1030 (2002). doi:10.1006/bbrc.2002.6761
53.

Leonardi, A. & Quintieri, L. Olopatadine: a drug for allergic conjunctivitis targeting the

mast cell. Expert Opinion on Pharmacotherapy 969–981 (2010).
doi:10.1517/14656561003694643
54.

Nordal, H. et al. The neutrophil protein S100A12 is associated with a comprehensive

ultrasonographic synovitis score in a longitudinal study of patients with rheumatoid arthritis
treated with adalimumab. BMC musculoskeletal disorders 335 (2014). doi:10.1186/1471-247415-335
55.

Yang et al. Proinflammatory properties of the human S100 protein S100A12. Journal of

leukocyte biology 986–94 (2001).
56.

Rouleau, P. et al. the calcium-binding protein S100A12 induces neutrophil adhesion,

migration, and release from bone marrow in mouse at concentrations similar to those found in
human inflammatory arthritis. Clinical Immunology 46–54 (2003). doi:10.1016/S15216616(02)00043-8
57.

Edgar, R., Domrachev, M. & Lash, A. Gene Expression Omnibus: NCBI gene expression

and hybridization array data repository. Nucleic Acids Research 207–210 (2002).

bioRxiv preprint doi: https://doi.org/10.1101/243998; this version posted January 7, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

doi:10.1093/nar/30.1.207
58.

Kauffmann, A., Gentleman, R. & Huber, W. arrayQualityMetrics—a bioconductor

package for quality assessment of microarray data. Bioinformatics 415–416 (2009).
doi:10.1093/bioinformatics/btn647
59.

Gautier, L., Cope, L., Bolstad, B. & Irizarry, R. affy—analysis of Affymetrix GeneChip

data at the probe level. Bioinformatics 307–315 (2004). doi:10.1093/bioinformatics/btg405
60.

Ritchie, M. et al. limma powers differential expression analyses for RNA-sequencing and

microarray studies. Nucleic Acids Research e47–e47 (2015). doi:10.1093/nar/gkv007
61.

Low, Y. et al. Synergistic drug combinations from electronic health records and gene

expression. Journal of the American Medical Informatics Association 565–576 (2017).
doi:10.1093/jamia/ocw161
62.

Subramanian, A. et al. Gene set enrichment analysis: A knowledge-based approach for

interpreting genome-wide expression profiles. Proceedings of the National Academy of Sciences
of the United States of America 15545–15550 (2005). doi:10.1073/pnas.0506580102
63.

Earp, J., Pyszczynski, N., Molano, D. & Jusko, W. Pharmacokinetics of dexamethasone

in a rat model of rheumatoid arthritis. Biopharmaceutics & Drug Disposition 366–372 (2008).
doi:10.1002/bdd.626
64.

Bolon, B. et al. Rodent Preclinical Models for Developing Novel Antiarthritic Molecules:

Comparative Biology and Preferred Methods for Evaluating Efficacy. Journal of Biomedicine
and Biotechnology 569068 (2011). doi:10.1155/2011/569068
65.

Campo, G. et al. Efficacy of treatment with glycosaminoglycans on experimental

collagen-induced arthritis in rats. Arthritis Res Ther 1–10 (2003). doi:10.1186/ar748

bioRxiv preprint doi: https://doi.org/10.1101/243998; this version posted January 7, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Acknowledgments:

The authors thank D. Hutto and T. Heuer for suggestions to the manuscript.

Author contributions:

A.C.D., C.F., and A.A.R. designed and built the integrative bioinformatic platform with advice
and feedback from M.S.. A.C.D. and E.S.N. loaded and annotated the disease-specific data.
A.C.D., I.H., E.S.N., A.M.R., M.S.C., M.S., and A.A.R. reviewed and selected final drug
candidates. I.H. designed the in vivo validation experiments that were directed and carried out by
M.R. and L.S.. L.S., D.F., G.F., I.H., and E.S.N. analyzed the in vivo results. A.C.D and S.M.
wrote the paper with help and feedback from E.S.N., A.M.R., and M.S..

Competing interests:

A.C.D., C.F., I.H., S.M., A.M.R., and A.A.R. own stock and/or are employees of twoXAR,
Inc., therefore these authors declare competing financial interests. E.S.N. was an employee of
twoXAR, Inc. at the time this study was executed. M.S. is on the scientific advisory board of
twoXAR, Inc.. M.R., G.F., D.F., and L.S. work for Vium, Inc, who developed the Vium Digital
Platform and the Digital Arthritis Index. M.S.C. has nothing to disclose.

bioRxiv preprint doi: https://doi.org/10.1101/243998; this version posted January 7, 2018. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

s
te
a
id
d
n
a
c
g
u
r
D
#

Stage 1
)
e
l
a
c
s

2

Stage 3

Stage 2

22,310* 50*

3*

10*

g
o
L
(

0

5

10

15

Project timeline (weeks)

Stage 1
Integrative bioinformatics
drug predictions

Drug
candidates:
22,310

Gene
expression:
994 samples

Protein-protein
interactions:
210,057

Clinical data:
418,797 records

Stage 2
Evaluation and
candidate selection

Stage 3
Preclinical validation
of ten candidates

Multi-disciplinary review
of top 50 candidates, 10 of
which were selected.

Lead candidates tested in CIA
model. Efficacy demonstrated by:
•
Exenatide
•
Olopatadine
•
TXR-112

Fig. 1. Rapid discovery and in vivo-validation of candidates. This integrative biomedical
informatics drug prediction approach identifies high potential candidates by integrating diverse
data from multiple biomedical sources. In Phase 1, 22,310 large and small molecules present in
DrugBank and the Therapeutic Targets Database were scored based on predicted therapeutic
potential to yield 50 high-probability candidates. Data used to support drug candidate prediction
included: drug-protein interactions, gene expression data from RA patients and healthy controls,
protein-protein interaction networks, and records of drug use among patients with and without
RA. In Phase 2, algorithm evaluation and candidate due diligence identified ten optimal and
novel candidates. In Phase 3, these ten candidates were tested in an in vivo model of RA and
three lead candidates were identified. The entire project spanned a four-month period. *number
of drug candidates.
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Fig. 2. Gene expression data analysis for RA. Publicly available gene expression data for RA
patients and healthy controls was collected and analyzed. The graph denotes all pathways that
were enriched for down-regulated or up-regulated genes in RA using a gene set enrichment
analysis approach. The size of the dot corresponds to the number of all proteins within that
pathway that were detected in the RA meta-analysis. The most significant pathways (FDR<0.05)
were aggregated into general themes reported in the accompanying tables.
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Fig. 3. Repositioned drug predictions for RA. (a) Information on drug-protein interaction was
collected for 22,310 drug candidates. Interaction information was integrated with protein
expression changes and candidates were scored according to the number and confidence of
interactions. Existing treatments (red bars) for RA were enriched among top-scoring candidates
in the drug-protein interaction (p = 1.7x10-15). (b) Drug-disease co-occurrence scores were
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calculated by accessing disease diagnoses and medication use from participants in the FDA
Adverse Event Reporting System. Existing treatments for RA were enriched among top-scoring
candidates (p = 4x10-3). (c) Scores from B and C were aggregated along with drug characteristics
from DrugBank and Therapeutic Target Database into a final score using a machine learningbased approach. RA treatments were most highly enriched in the aggregate scoring method (p =
9x10-20).
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Fig. 4. Preclinical validation of candidates. (a) Schematic overview of the study design and
endpoint measurements. (b) Hind-limb inflammation were scored daily and scores for left and
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right limbs for each animal were averaged in each group. (c) Sizes of left and right ankles for
each animal were summed, then normalized to ankle size at Day 0 in each group. (d) Digital
Arthritis Index was calculated using continuous digital monitoring of animal movement. Higher
Digital Arthritis Index scores correspond to more severely impaired mobility. Data graphs
represent the mean and SEM (n=8 per group). Dex.: dexamethasone; *p < 0.05; ** p < 0.01; ***
p < 0.001;**** p < 0.0001, two-way ANOVA with Tukey’s multiple comparison test (ankle
size, digital arthritis index) or Kruskall-Wallis with Dunn’s correction (inflammation scores).
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Fig. 5. Histological assessment of exenatide and olopatadine treatment. (a) Micrographs of
toluidine blue-stained ankle tissue obtained from exenatide- and vehicle-treated animals. (b)
Micrographs of toluene blue-stained ankle tissue obtained from olopatadine- and vehicle-treated
animals. (c) Histological sum score assessed from fixed ankle tissues. Data graphs represent the
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mean and SEM (n=8 per group). s: immune cell infiltrate; large arrow: cartilage; small arrow:
pannus; arrowhead: bone resorption

