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Abstract

Alzheimer’s disease (AD) is a multifactorial disease that exhibits cognitive deficits, neuronal
loss, amyloid plaques, neurofibrillary tangles and neuroinflammation in the brain. We developed
a multi-scale predictive modeling strategy that integrates machine learning with biophysics and
systems pharmacology to model drug actions from molecular interactions to phenotypic
responses. We predicted that ibudilast (IBU), a phosphodiesterase inhibitor and toll-like receptor
4 (TLR4) antagonist, inhibited multiple kinases (e.g., IRAK1 and GSG2) as off-targets,
modulated multiple AD-associated pathways, and reversed AD molecular phenotypes. We
address for the first time the efficacy of ibudilast (IBU) in a transgenic rat model of AD. IBU-
treated transgenic rats showed improved cognition and reduced hallmarks of AD pathology.
RNA sequencing analyses in the hippocampus showed that IBU affected the expression of pro-
inflammatory genes in the TLR signaling pathway. Our results identify IBU as a potential

therapeutic to be repurposed for reducing neuroinflammation in AD by targeting TLR signaling.
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Introduction

Alzheimer’s disease (AD) currently affects about 5.8 million Americans, the majority of which are
over the age of 65, with a subpopulation of patients under this age cutoff. Experts speculate that
by 2050, expenditure set aside for AD will exceed $2.8 trillion and over 14 million people over
the age of 65 will be affected!. The hallmarks of this disease consist of neuronal loss, amyloid
plagues, neurofibrillary tangles, and neuroinflammation detected in the brain of AD patients?. In
addition, cognitive deficits associated with AD include loss of memory and progressive
impairment of thought and reasoning. However, the catalysts for setting AD into motion are still
being investigated. Aside from the aforementioned changes, evidence has emerged to suggest
that there is a genetic predisposition to AD that leaves vulnerable populations more at risk, with

environmental factors and lifestyle possibly playing a role in disease progression3.

FDA-approved drugs designed to treat AD through targeting plaques or tangles, do not halt
disease progression, having a reported 99.6% failure rate*. This failure can be attributed to the
complexity of AD, not just the plaques or tangles2. One such factor contributing to the pathology
of AD is neuroinflammation. This occurs when there is cellular damage in the brain, leading to
recruitment of glial cells (microglia and astrocytes), to clear the damage and restore neuronal
function5. However, chronic neuroinflammation resulting from persistent activation of pro-
inflammatory responses in combination with delays in anti-inflammatory responses, causes
buildup of cellular debris and neuronal damage. Selecting neuroinflammation as a therapeutic
strategy to combat AD may prove beneficial, considering the promises it has shown with treating
other neurodegenerative disorders, such as amyotrophic lateral sclerosis (ALS) and multiple
sclerosis (MS)%7. Therapeutics aimed at these two disorders showed promise by amplifying the
neuroprotective properties of glial cells, a strategy that could be mimicked by targeting AD

pathology from the neuroinflammatory perspective. There is an urgent need to study
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mechanisms currently in place to combat other neurodegenerative diseases and adapt their
strategies to target AD. The major benefit to this approach would be the likelihood that disease

progression could be slowed or even halted.

We focused on modulating neuroinflammation by targeting the toll-like receptor (TLR) signaling
pathway to combat AD pathology. Toll-like receptors (TLRs) are a family of proteins on the
surface of cells that recognize molecular structures that are largely shared by products released
by pathogens, and then initiate an appropriat response such as inflammation8. TLR signaling
pathways are stimulated by pathogen-associated molecular pattern molecules (PAMPs), such
as lipopolysaccharides (LPS) produced by Gram-negative bacteria®. Damage-associated
molecular pattern molecules (DAMPs), like amyloid-beta peptide (AB) can also stimulate the
pathway. Upon TLR stimulation, myeloid differentiation primary response protein 88 (MyD88) is
recruited to the receptor along with interleukin-1 receptor associated kinases (IRAKs)°. A fully-
assembled myddosome complex is then formed, resulting in IRAK1 activation through
autophosphorylation and subsequent dissociation from the myddosome™. In turn, IRAK1
activates tumor necrosis factor (TNF)-receptor associated factor 6 (TRAF6), a ubiquitin ligase.
TRAF®6 ultimately promotes activation of the transcription factor nuclear factor kappa B
(NFxB)™. NFkB then stimulates transcription of genes, such as TNFq, IL1, IL6 and IL18,
encoding for pro-inflammatory cytokines's. The TLR pathway appears to be an ideal target for
therapeutic intervention, as it is central to the pro-inflammatory cascade involved in

neuroinflammation.

To identify existing drugs that can modulate neuroinflammation in AD, we applied a predictive

modeling framework that integrates machine learning with biophysics and systems
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97 pharmacology to repurpose approved drugs for AD treatment with the focus on anti-

98 inflammatory agents. We predicted that Ibudilast (IBU), a nonselective phosphodiesterase

99 inhibitor and a TLR4 antagonist'* 5, inhibits IRAK1 as an off-target, modulates multiple AD-
100 associated pathways, and reverses AD patient’s molecular phenotype. IBU is a Japanese
101  medication previously recommended for the treatment of post-stroke complications and
102  asthma'®. The primary mode of action of IBU is by way of neuroprotection and anti-inflammatory
103  effects. In a clinical trial for opioid withdrawal, IBU was shown to be a TLR4 antagonist and to
104  reduce glial cell activation'”. Moreover, IBU has shown promise in clinical trials against multiple
105 sclerosis (MS) and amyotrophic lateral sclerosis (ALS)'8.
106
107  As a phosphodiesterase inhibitor, IBU is able to maintain cyclic AMP levels and inhibit T-cell
108 immune function™. Furthermore, IBU helps promote IL10 production, while simultaneously
109 inhibiting the production of TNFa and NO2°. A phase two clinical trial for progressive MS tested
110  oral administration of IBU (= 100 mg daily) or placebo for 96 weeks?'. After treatment, most
111  patients exhibited less brain atrophy than the placebo-treated patients. These results were
112 significant, provided that intervention occurred in the early stages of the disease®?. Based on
113  this study, we evaluated the effects of long-term (six-months) treatment of IBU in a transgenic
114  rat model of AD (Tg-AD) for improvement of spatial memory performance and mitigation of
115  hippocampal AD pathology.
116
117 Results

118 IBU is predicted to be a potential drug candidate for AD treatment

119  Given that AD is a multi-genic systematic disease and there are no validated drug targets and

120 effective therapeutics, conventional one-drug-one-target drug discovery process could be less
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121 fruitful. Thus, we sought to discover polypharmacological agents that can modulate multiple
122 pathological processes of AD.

123

124  We applied a multi-scale predictive modeling approach to repurposing existing anti-inflammatory
125  drugs for potential AD treatment. The premise of our approach is based on a systematic view of
126  drug actions. Drugs commonly interact with not only their intended protein target (i.e., on-target),
127  but also multiple of other proteins (i.e., off-target). These on-targets and off-targets collectively
128 induce phenotypic response of biological systems via biological networks, which can be

129  characterized by transcriptomics. Thus, a successful compound screening requires the

130 deconvolution of drug actions on a multi-scale, from molecular interactions to network

131  perturbations.

132

133  We ranked drugs by their ability to reverse the gene expression profile of AD patients23. We first
134  obtained the differential gene expression profile of microglia from a group of AD patients vs

135 healthy controls in the AMP-AD data portal®*, and considered it as the molecular phenotypic
136  signature of AD (supplemental material Table S1). Then we compared the drug-induced gene
137  expression profile of approximately 20,000 drugs (dosage < 1 uM) with the AD signature such
138 that the downregulated and upregulated genes in AD will be upregulated and downregulated by
139 the drug, respectively. On the top 100 ranked drugs (supplemental material Table S2), three of
140 them are anti-inflammatory drugs, as shown in Table 1. Because sulfasalazine and sasapyrine
141  may not be able to permeant blood-brain-barrier (BBB), we focused our studies on IBU.

142

143  Table 1. Top 3 ranked anti-inflammatory drugs that are predicted to reverse the gene

144  expression profile of certain AD patients
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Drug Name GSEA score | Drug targets Predicted BBB permeant
Sulfasalazine | -0.2886 ALOX5, PTGS2, PTGST, No

PPARG, IKBKA, IKBKB,
ACAT1, TBXAS1, PLA2G1B

Sasapyrine -0.2855 PTGS1, PTGS2 No
Ibudilast (IBU) | -0.2819 PDE4A, PDE4B, PDEA4C, Yes
PDE4D, PDE3A, IRAK1*,
GSG2*

145  * newly discovered drug off-targets in this study.

146 Using a structure-augmented machine learning method for predicting genome-scale drug-target
147 interactions, we predicted that protein kinases were the off-target of PDE3A inhibitors?5. The
148 KinomeScan™ assay confirmed our predictions. IRAK1 and HASPIN (GSG2) are effectively
149 inhibited by IBU under the concentration of 10 uM with a percentage control of 6.8 and 9.4,

150 respectively (Supplemental material Table S3). IRAK1 is involved in the TLR and interleukin-1
151 signaling pathways, and plays a key role in regulating inflammation. Genome-Wide Association
152 Studies (GWAS) discovered that GSG2 is located in the locus associated with AD2%6. Under a
153 high concentration of 100 uM, IBU inhibits additional multiple kinases that are associated with
154 AD and inflammation, such as PIK3C3, CDK4, JNK1, JNK3, HIPK2, HIPK3, TAOK1, TAOK3
155 (Supplemental material Table S4).

156

157  The hypothesis that IBU modulates multiple AD-associated pathways was further supported by
158 text mining. We first recognized all terms that were chemicals, genes or pathways, and diseases
159 in the PubMed abstracts. Then we applied word2vec?’, a machine learning technique, to

160 represent all terms as vectors that encode their semantic relationships?8. Finally, the

161 relationships between terms were quantified by the cosine similarity between term vectors.

162  Using this method, we found that IBU was associated with multiple AD pathological processes
163 including TLR/MYD88/NF«xB pathways, TNF pathway, lipopolysaccharide synthesis pathway,

164  and herpes simplex virus infection with the false discovery rate (FDR) less than 1.0e-3.
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165

166  Altogether, IBU could be an excellent lead compound to design polypharmacological drugs for
167 the treatment of AD by targeting multiple pathological processes.

168

169 IBU improves spatial learning and memory

170  The hippocampal-dependent, active place avoidance (aPAT) behavioral task was performed at
171 11 months of age on Tg-AD rats and their wild type (WT) littermates (Fig 1A). Male and female
172  rat performances were combined and four groups were analyzed: wild-type untreated (WTNT),
173  wild type treated with IBU (WTTR), transgenic untreated (TGNT), and transgenic treated with
174  IBU (TGTR). For each trial, data were analyzed using two-way ANOVA with Sidak’s post-hoc
175 test across all six training trials for latency to first entrance into shock zone. To determine

176  whether short-term working memory deficits were more pronounced during the acquisition

177  phase (trials 1-3) vs asymptotic performance phase (trials 4-6) of training, we analyzed these
178  phases separately. Our results show that at 11 months of age WTNT performed significantly
179  better during acquisition (trials 1-3) compared to TGNT (F1,26) = 3.578, p = 0.0359) with post-
180 hoc differences at trials 2 and 3 (t = 3.051, p = 0.0402 and t = 2.842, p = 0.0498 respectively;
181  Fig 1B). Following 6 months of IBU treated chow or control chow, TGTR show significant

182  improvement during acquisition compared to TGNT controls (F(1,27 = 4.603, p = 0.0411) with
183  post-hoc differences at trial 3 (t = 2.898, p = 0.0486; Fig 1D). This enhanced performance was
184  not observed between WTNT and WTTR conditions (F1,28) = 2.525, p = 0.1233), suggesting
185 beneficial effects of IBU-treatment under pathological conditions (Fig 1E). TGTR rats performed
186  equivalently to WTTR controls (F(1,20) = 0.4481, p = 0.5085; Fig 1C). There were no significant
187  effects observed during asymptotic performance. Fig 1F shows the tracking for individual rats
188  during trial 3 across the four treatment conditions. 24h after the last training trials rats were

189 tested for avoidance of the shock zone in the absence of shock. The results show that IBU
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190 treated rats performed better than controls for max latency to avoid the shock zone, regardless
191  of genotype (F1,55 = 4.033, p = 0.0495) (Fig 1G).
192

193 IBU significantly reduces A plaque burden in the dentate gyrus

194  We evaluated the presence of AB plaques in the hippocampus and within discrete subregions
195 (Fig 2A-B), between IBU treated and untreated Tg-AD rats. Our results show that A plaques
196 following IBU-treatment were not significantly different from untreated Tg-AD rats in the

197  hippocampus collapsed across subregions (Fig 2C; t = 0.08131, p = 0.9359). Analyses of

198 different subregions separately shows no significant effects in CA1 (Fig 2D; t = 0.5707, p =
199  0.5735), CA3 (Fig 2E; t = 0.3351, p = 0.7405) and subiculum (SB) (Fig 2G; t = 0.3020, p =
200 0.7652). Significant reduction in Ap plaque load was identified in the dentate gyrus (Fig 2F; t =
201  3.449, p = 0.0021).

202

203 IBU significantly reduces tangle levels in the dentate gyrus

204  PHF1 staining was used to analyze tangle levels in the hippocampus of Tg-AD rats (Figs 3A-B).
205 The results show that the levels of tangles were not significantly altered following treatment with
206  IBU when collapsed across hippocampus subregions (Fig 3C; t = 0.4079, p = 0.6870). Analysis
207  of individual subregions shows no significant difference between treatments in CA1 (Fig 3D t =
208 1.419, p = 0.1688), CA3 (Fig 3E; t = 0.9579, p = 0.3485), and SB (Fig 3G; t =0.2824, p =

209  0.7807). Significant reduction in tangle levels was identified in dentate gyrus (DG) (Fig 3F; t =
210 7.295, p <0.0001).

211

212 IBU did not attenuate neuronal loss
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213  We next examined whether IBU would affect the presence of healthy neurons through NeuN
214  staining. WTNT (Fig 4A) and TGNT (Fig 4B) hippocampi show that TGNT has less NeuN

215  staining compared to WTNT in the DG area (mean + s.e.m.: 30.18 + 0.10 % Area for WTNT,
216  25.74 + 0.28 % Area; t = 15.10, p < 0.0001). The question to address was whether IBU-

217  treatment could significantly reduce the degree of neuronal loss observed in TGNT. As with our
218  prior staining, we analyzed the entire hippocampus collapsed across subregions, and then

219  centered our focus on individual subregions. Our results showed that IBU-treatment did not
220 significantly affect the degree of neuronal loss across the entire hippocampus (Fig 4C; t =

221 0.2237, p = 0.8250), nor within individual subregions CA1 (Fig 4D;t =1.216, p = 0.2358), CA3
222 (Fig 4E;t=1.498, p = 0.1474), DG (Fig 4F; t = 1.186, p = 0.2491), or SB (Fig 4G;t = 1.088, p =
223 0.2874).

224

225 IBU significantly reduces the ratio of amoeboid to ramified microglia in the hippocampus

226  Analysis for microglia using Iba1 staining shows that there are different forms that microglia can
227  exhibit in the AD pathology. This pathology results in varying degrees of circularity of the

228 microglia that is associated with a particular microglial type ranging from reactive to amoeboid
229  (Fig 5A). Using this scale of circularity, we analyzed the ratio of amoeboid/ramified in the

230  hippocampus and in the individual subregions. Our results show that in the hippocampus

231  collapsed across subregions, there is a significant reduction in amoeboid/ramified ratio following
232 IBU-treatment (F(151) = 13.83, p < 0.01; Fig 5B) and significant post-hoc analyses between

233  WTNT vs TGNT (t = 4.236; p < 0.01) and between TGNT and TGTR (t = 2.746; p = 0.0491). A
234  similar pattern was shown in CA1 (F(151) = 4.512, p = 0.0386; Fig 5C) and significant post-hoc
235 analyses between WTNT vs TGNT (t = 4.044; p <0.01) and between TGNT and TGTR (t =

236  2.946; p = 0.0289); and CA3 (F(1,51) = 6.298, p = 0.0154; Fig 5D) and significant post-hoc

237  analyses between WTNT vs TGNT (t = 3.114; p< 0.0182) and between TGNT and TGTR (t =
10


https://doi.org/10.1101/2021.04.06.438662
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.04.06.438662; this version posted April 8, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

238 2.863; p = 0.0362). The DG subregion showed an overall effect of treatment (F (151) = 16.32, p <
239  0.01; Fig 5E) and significant post-hoc analyses between WTNT vs TGNT (t =3.931; p < 0.01). A
240  similar pattern seen in DG was reflected in SB (F (151) = 4.167, p = 0.0464; Fig 5F) and

241  significant post-hoc analyses between WTNT vs TGNT (t = 2.779; p = 0.0448).

242

243 IBU affects gene expression levels of the TLR and ubiquitin-proteasome (UP) pathways

244 differentially in males and females

245  Our hippocampal RNA sequencing analysis reported output measures as reads per million

246  (RPM) for over 17,000 genes. Of particular interest are the effects IBU has on the mRNA

247  expression of genes involved in TLR signaling, since IBU is a TLR4 antagonist. Thus, we

248  compared hippocampal gene expression in the TGTR vs TGNT, separately in males and

249 females (n = 5 per condition). Genes of interest included members of the IRAK family, such as
250 IRAK isoforms, downstream targets of IRAK activation, and specific ubiquitin ligases and

251  substrates (Fig. 6 and Supplemental Table S6), which eventually converge on the NF«xB

252  transcription factor. Among the 16 genes of interest, five of them were unchanged in both sexes,
253  including the adaptor MyD88, the ubiquitin (Ub) conjugase Ube2v1, and kinases IRAK 1, 2 and
254 4. The remaining 11 genes were either up or downregulated across sexes, or differentially

255  expressed between them. The false discovery rate (FDR) and p-values are reported for the

256  mRNA expression of the genes in terms of RPMs (Supplemental Table S6), and the gene

257  expression for TGTR is shown as percent relative to TGNT (Figure 6).

258

259  Upon IBU-treatment, we observed the following changes in TLR pathway gene expression:

260 (1) IRAK3, a negative regulator of IRAK1, increased 1.50-fold in males and 1.57-fold in females.
261  (2) IRAK1’s downstream target, the ubiquitin ligase Tumor-Necrosis Factor-Receptor

262  Associated Factor 6 (TRAF6), decreased 1.57-fold in males, and increased 2.05-fold in females.

11
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263  (3) Similarly, Tollip, an IRAK1 substrate, decreased 1.23-fold in males, and increased 1.22-fold
264  in females. (4) Other IRAK1 downstream targets such as TGFp Activated Kinase Binding

265 Proteins (Tab 1 and 2), also showed significant changes. Tab1 increased 1.20-fold in males,
266 and 1.28-fold in females, while Tab2 decreased 1.35 fold in males only.

267

268 Changes in the UP pathway gene expression were also detected upon IBU-treatment:

269 (1) Pellino isoforms 1 and 2, which function as ubiquitin ligases, decreased in males: 2.14-fold
270  for Pellino 1 and 1.76-fold for Pellino 2. Pellino 3, also a ubiquitin ligase, was upregulated in
271  females by 1.93-fold. (2) Other ubiquitin ligases, such as Ube3a increased 1.45-fold in males
272  and 1.27-fold in females, while Ube3b only increased in females (1.26-fold). (3) The ubiquitin
273  conjugase variant 2 (Ube2v2) decreased 1.19-fold in males, 1.29-fold in females.

274

275  These findings show that IBU-treatment affects gene expression levels of the TLR and UP
276  pathways differentially in males and females. Based on the TLR4 signaling pathway, we

277  surmise that IBU-treatment inhibits IRAK1 activity by increasing expression of its negative
278  regulator IRAK3, and/or by altering TRAF6 and other ubiquitin ligase and conjugase levels.
279

280 Discussion

281  Due to the multifactorial nature of AD, conventional one-drug-one-target approaches are

282  unfruitful in discovering effective AD therapeutics. The low success rate of target-based

283  screening has revived interests in phenotypic screening based on cell-lines or animal models,
284  since it could identify drug leads in a physiologically relevant condition. However, the phenotypic
285  screening is relatively low-throughput, expensive, and difficult in the target deconvolution.

286  Furthermore, the drug response in the cell line or animal model can be significantly different

287 from that in a patient’s tissue. The lack of mechanistic understanding of drug actions and a

12
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288  knowledge gap between a model system and an individual patient, makes it challenging to

289  optimize drug lead compounds and to realize personalized medicine. In this study, we

290 developed a multi-scale modeling approach that bridged target-based and phenotype-based
291  drug repurposing. Our approach can not only use a patient’s tissue sample directly for the

292  phenotype-based compound screening, but also deconvolute genome-wide drug-target

293 interactions. We successfully identified IBU as a promising polypharmacological agent for the
294  treatment of AD, demonstrating the potential for integrating machine learning, biophysics, and
295  systems biology for the multi-scale modeling of drug actions. With the rapid advances in

296  machine learning, especially deep learning techniques, we can further boost the performance of
297  the multi-scale modeling and achieve personalized drug discovery.

298  We demonstrate for the first time in a transgenic rat model of AD (Tg-AD) that IBU-treatment
299  mitigates cognitive deficits and hippocampal pathology associated with AD. This transgenic rat
300 model developed by the Cohen and Town group®” is unique as it exhibits not only hippocampal-
301 dependent spatial learning and memory deficits, but also hippocampal AD pathology including
302 plaques, tau paired-helical filaments, neuronal loss and microgliosis, in a progressive age-

303 dependent manner that mimics the pathology observed in AD patients. We chose to initiate IBU-
304 treatment at an early age (5 months of age) based on previous studies with MS patients

305 showing that the drug was effective only when administered in the early stage of the disease?.
306 In our studies, the long-term daily IBU-treatment (6 months) was well tolerated by the Tg-AD
307 rats as we did not identify any adverse effects. The IBU-treatment considerably improved spatial
308 learning and memory and reduced AD pathology, although some of the AD-pathology was still
309 detectable albeit at significantly lower levels. Overexpression of the human APPsw (2.6-fold)
310 and PS1AE9 (6.2-fold) driving the robust pathology, may account for the incomplete protection
311  provided by IBU. In addition, since AD is a multifactorial disorder, a combinatorial therapeutic

312  approach is most likely required. The preventive effects of IBU-treatment that we observed in
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313 the Tg-AD rats, were most prominent in the DG region of the hippocampus, as the CA1 and
314  CAS3 regions showed less improvement. The reason for this hippocampal regional effect of IBU
315 remains to be determined. However, since the DG is known to be vulnerable to aging and to be
316 affected in the early stages of AD it is possible that the DG is also the most responsive to

317 treatment?® 30, Overall, our data clearly demonstrate the potential of IBU to lessen deficits in
318 spatial learning and memory, to mitigate plaque and tangle pathology, and to diminish neuronal
319 loss and gliosis in the hippocampus of the Tg-AD rats.

320

321 A previous study supported the preventive effects of IBU-treatment in mice that received

322  bilateral intracerebroventricular injections of AB1-423'. Pre-treatment for 15 days with IBU (i.p.)
323  significantly ameliorated impaired spatial learning and memory, and inhibited hippocampal

324  neuroinflammatory and apoptotic responses in the AB-injected mice. In an MPTP mouse model
325 of Parkinson’s disease (PD), IBU was administered subcutaneously b.i.d. for 9 days, starting
326  two days prior to 1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP) intoxication®2. IBU

327 diminished astroglial activation in the MPTP-treated mice, but had no impact on striatal

328 dopaminergic cell survival seven days after acute MPTP intoxication. These two mouse studies
329 evaluated the efficacy of a short-term IBU-treatment, in contrast to our studies that evaluated
330 the effects of a long-term IBU-treatment using a transgenic rat model of AD that exhibits

331 progressive age-dependent pathology. This is important because AD is a progressive

332  neurodegenerative disorder with aging being the greatest risk factor. Thus, it is critical to

333  evaluate the long-term effects of potential therapeutics.

334

335 IBU was first described as a non-specific PDE inhibitor, but more recently was shown to also act
336 as a TLR4 antagonist' 15. IBU crosses the blood brain barrier, has a half-life of about 19h,

337 improves blood flow to the brain, and protects against neuroinflammation33. The anti-
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338 inflammatory effects of IBU could be mediated by its PDE-inhibiting properties or by its TLR4
339 inactivation, and it is unclear which property potentiates the other, or if both work in synchrony.
340 IBU-treatment exhibited immunomodulatory effects in MS and ALS by shifting the pro-

341 inflammatory phenotype of microglia to an anti-inflammatory phenotype3 35. Based on these
342 findings, we propose that the beneficial effects of IBU observed in our studies can be attributed
343  to the anti-inflammatory effects of IBU.

344

345 The RNAseq analysis we conducted to compare gene expression in the hippocampus of

346  untreated and IBU-treated transgenic rats, revealed that the TLR and UP pathways are altered
347 by IBU-treatment. From the 16 genes we compared within the two pathways, five of them were
348 not changed, including the adaptor MyD88, the Ub conjugase Ube2v1, and kinases IRAK 1, 2
349 and 4. The remaining 11 genes were either upregulated or downregulated. We will discuss two
350 potential mechanisms that could mediate the anti-inflammatory action of IBU on the TLR

351 pathway. For example, IBU-induced up-regulation of IRAKS, a central negative regulator of TLR
352  signaling, prevents IRAK1 from activating TRAF6 through phosphorylation, thus preventing

353  NFkB activation. Furthermore, the TLR pathway is dependent on the function of the UP pathway
354  at several steps, such as (1) degradation of IRAK1 after phosphorylation of TRAF®6, (2)

355 degradation of TRAF6 after activation of the TAK/TAB complex, and (3) degradation of kB,
356  which is required for NFkB nuclear translocation and activation. IBU-induced alterations on the
357  expression of genes coding for components of the UPP, as shown in our data, indicate that this
358 degradation pathway is recruited for modulation of inflammation via the TLR pathway.

359

360 The outcome and details of the IBU-induced alterations in the TLR and UP pathways will be

361 addressed in future studies. However, their significance is crucial as IBU is a TLR4 antagonist.
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362 Interestingly, TLR4-mediated induction of apoptosis is observed mostly in aging and not young
363 neurons®. TLR4 mediated signaling, via still unclear mechanisms, seems to contribute to the
364 pathology of age-related neurodegenerative diseases, including AD3. Using TLR4 antagonists,
365 such as IBU, could offer an efficient means to prevent the damaging events associated with
366 neuroinflammation in AD.

367

368 In Japan and other Asian countries, IBU is approved for treating asthma and strokes33. Our

369 results suggest that IBU can be repurposed for use as a potential therapeutic to treat memory
370 deficits and pathology in AD.

371

372  Methods

373 TgF-344AD transgenic rat model of AD and IBU treatment

374  Fisher transgenic 344-AD (Tg-AD) rats express mutant human Swedish amyloid precursor

375  protein (APPsw) and A exon 9 presenelin-1 (PS1AE9) at 2.6- and 6.2-fold higher levels than the
376  endogenous rat proteins. Expression of the two human mutant transgenes is driven by the prion
377  promoter. No pathology differences were yet reported between sexes in this rat model of AD%7.
378

379 The Tg-AD rats (males = 16; females = 13) and wild type (WT) (males = 15; females = 15)

380 littermates were purchased from the Rat Resource and Research Center (RRRC, Columbia,
381 MO), and arrived at our animal facility at Hunter College when they were approximately 4 weeks
382  of age. The rats were housed in pairs on a 12h light/dark cycle with food and water available ad
383  libitum. All animal procedures were approved by the Institutional Animal Care and Use

384  Committee at Hunter College.

385

16


https://doi.org/10.1101/2021.04.06.438662
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.04.06.438662; this version posted April 8, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

386 To investigate the therapeutic potential of IBU in Tg-AD rats, we opted to start drug treatment
387 early at 5 months of age and continued treatment daily for 6 months, up to 11 months of age,
388  when the Tg-AD rats exhibit most of the full AD-like pathology. IBU (cat # HY-B0763, MCE,
389  Monmouth Junction, NJ) was administered orally combined with rodent chow obtained from
390 Research Diets Inc. (NJ), 10 mg / kg body weight (Supplemental Figures S1 and S2). Rats
391 were analyzed for cognitive behavior at 11 months of age, prior to sacrificing. Rat brains were
392  analyzed for immunohistochemical (IHC) and RNAseq analyses.

393

394 Coagnitive behavior assessment

395  Active Place Avoidance Task (aPAT) is a spatial learning and memory test that assesses

396 hippocampal function38. The arena is comprised of a rotating platform that operates at one
397  revolution per minute (rpm), with visual cues at the four walls of the room. The arena is divided
398 into four quadrants, one of which will be assigned as a shock zone. If a rat enters the shock
399 zone and remains there for at least 1.5 seconds, it will receive a 0.2 amp shock. A shock is
400 given every 1.5 seconds until the rat leaves the shock zone. An overhead camera is perched
401  atop of the arena to track the location of the rat as it performs the task.

402

403  The rats were given a 30-min resting period in a paper-bedding cage prior to the habituation

404  trial. During the 10-min habituation trial, rats were permitted to explore while the shock zone is

405  off. Afterwards, the shock zone was turned on and rats begun their training, which consisted of
406  six 10-min fraining trails, with a 10-min inter trial interval in the home cage. 24 hours after the

407 last training trial, rats were given one 5-min fest trial with the shock zone turned off.

408

409 Immunohistochemical analysis (IHC) for AS Plaques and Microglia
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410 At 11 months of age, the rats were anesthetized (i.p.) with ketamine (100 mg/kg) and xylazine
411 (10 mg/kg), and transcardially perfused for 15-min with cold RNAse-free 1X-PBS. The rat brains
412  were removed and the right hemisphere was micro-dissected (regions: prefrontal cortex,

413  cingulate cortex, entorhinal cortex, and hippocampus) and immediately snap frozen for later
414  RNAseq analysis. The left hemispheres were sequentially post-fixed with 4% paraformaldehyde
415  for 48 hours at 4°C, cryoprotected in a 30% sucrose/PBS solution at 4°C until they sank to the
416  bottom of the vial, flash frozen in 2-methybutane, and stored at -80°C until sectioned. The left
417 hemispheres were sectioned with a Leica CM 3050S cryostat. Coronal sections, 30ym in

418 thickness, were collected serially along the anteroposterior axis and stored at -20°C in

419  cryoprotectant (30% glycerol and ethylene glycol in 1X PBS) until use.

420

421  Hippocampal sections for these IHC studies were located between -3.36 mm to -4.36 mm

422  relative to bregma. Sections were processed with a mounted protocol for IHC analyses as

423  described previously3. After mounting, hippocampal sections were immersed in 0.05 M glycine
424  (Fisher BioReagents cat# BP3815) in 0.3% TritonX (Thermo Fisher, cat# P185112) in 1X PBS
425 (T-PBS) for 30-min to reduce autofluorescence, and then sequentially rinsed in 0.3% Triton-
426  PBS, incubated in 15% normal goat serum (NGS) in 0.3% Triton-PBS blocker for 30-min, and
427  incubated with primary antibody cocktail containing 15% NGS and 0.03% T-PBS overnight at
428  4°C on a rocker. Primary antibodies were diluted at 1:1000 for Ap 4G8 antibody (epitope a.a.
429 17-24) (Biolegend — mouse — cat# 800708) and 1:500 for microglia Iba1 (Wako — rabbit — cat#
430 019-19741). The following day, sections were washed in 0.03% Triton-PBS, and incubated in
431 fluorescent secondary antibody cocktail 15% NGS and 0.03% Triton-PBS for 2 hours.

432  Secondary antibodies included Alexa Fluor goat anti-mouse 568 (cat# A-11031, Life

433  Technologies, Thermo Fisher Sci.) and Alexa Fluor goat anti-rabbit 488 (cat# A-11008, Life

434  Technologies, Thermo Fisher Sci.) at a 1:250 concentration. Sections were washed with 0.03%
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435 T-PBS, then PBS, and finally cover-slipped with VectaShield® mounting media with DAPI (#sku
436  H-1200-10). Slides were kept at 4°C in the dark until imaged.

437

438  To establish the significance of the effects of IBU on AD-related pathology, the IHC images

439  were quantified. Hippocampal subfields (CA1, CAS3, DG, and SB) were isolated, cropped, and
440 saved as .tif files for use in pixel-intensity area analyses as described previously, along with
441  analyzing the overall hippocampus®®. Images were analyzed to extract the positive signal from
442  each image with custom batch-processing macroscripts created for each channel/marker. Pixel-
443  intensity statistics were calculated from the images at 16-bit intensity bins. Positive signal within
444  each cropped image were extracted using the following formulae: average pixel intensity +

445  [(1.25 [Iba1]or 2.0 [Af]) x Standard deviation of intensities]*. Positive signal were then

446  measured, masks created, and merged when co-localization analyses was required.

447

448 Microglia Analysis

449  Activated microglia exhibit a variety of morphologies that can be associated with their functions,
450 distributed into three different groups according to their form factor (FF) (Figure 5A) which is
451 defined as 41t X area/perimeter? 4!. Each of the three microglia groups is defined as follows:
452  Ramified, FF: 0 to 0.49; which actively engage in neuronal maintenance providing neurotrophic
453  factors. Reactive, FF: 0.50 to 0.69; which are responsive to CNS injury, and amoeboid, FF 0.70
454  to 1; amorphous with pseudopodia. Microglia within each cropped Iba1 image were extracted
455  using the following formula: average pixel intensity + [1.5 x standard deviation of intensities],
456  and particles within 50—-800 ym? were chosen for FF analyses. Quantities of each microglia

457  class were collected and analyzed in ratios to each other, and then compared across

458  treatment/genotype. For this analysis, three tissue sections per treatment/genotype group were

459  used for quantification. Nonspecific background density was corrected using ImageJ rolling-ball
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method*!. Sections chosen for analysis corresponded to figures 60 — 70 of the rat brain atlas

(bregma - 3.36 mm through - 4.44 mm)+2

Immunohistochemical Analysis for NeuN and PHF1

Immunohistochemical analysis for NeuN and PHF1 was conducted following a similar protocol
for Ap and Iba1, with the following changes: 0.3% TritonX (Thermo Fisher, cat# P185112) in 1X
TBS (TBS-T) was used for all wash steps. Dry blocking milk (5% by weight) in 0.3% TBS-T was
the blocking buffer3. The primary antibody cocktail was also prepared using the blocking buffer.
Primary antibodies were diluted at 1:250 for PHF1 antibody (courtesy of the late Dr. Peter
Davies) and 1:250 for NeuN (Millipore — chicken — cat# ABN91). The secondary antibody
cocktail was composed of 20% Superblock/TBS in 0.03% TBS-T. Secondary antibodies
included Alexa Fluor IgG1 goat anti-mouse 568 (1:80 dilution, cat# A-21124, Life Technologies,
Thermo Fisher Sci.) and Alexa Fluor goat anti-chicken 488 (1:250 dilution, cat# 11039, Life
Technologies, Thermo Fisher Sci.). Sections were washed with 0.03% TBS-T and TBS. Slides

were kept at 4°C in the dark until imaged.

PHF1 and NeuN Analysis

Hippocampal subfields (CA1, CAS3, DG, and SB) were isolated, cropped, and saved as .tif files
for use in pixel-intensity area analyses as described previously, along with analyzing the overall
hippocampus®. Images were analyzed to extract the positive signal from each image with
custom batch-processing macroscripts created for each channel/marker. Pixel-intensity
statistics were calculated from the images at 16-bit intensity bins. Positive signal within each

cropped image was extracted using the following formulae: average pixel intensity + [(2.0
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484  [PHF1]or 1.25 [NeuN]) x Standard deviation of intensities]*C. Positive signals were then
485 measured, masks created, and merged when co-localization analyses was required.
486

487 RNAseq analysis

488 RNAseq analyses were performed using the outsourcing service at the UCLA Technology

489  Center for Genomics & Bioinformatics. Briefly, total RNA was isolated from the hippocampi of
490 |BU-treated and untreated transgenic rats using the RNeasy Mini Kit (Qiagen cat# 74104). The
491 integrity of total RNA was examined by the Agilent 4200 TapeStation System. Libraries for

492  RNAseq were constructed with the Kapa Stranded mRNA Kit (Roche, cat. # KK8421) to

493  generate strand-specific RNAseq libraries. Libraries were amplified and sequencing was

494  performed with the HiSeq3000 sequencer. Gene expression data were normalized as the reads
495  count per million (RPM) using the TMM method. Differentially expressed genes from IBU-

496 treated transgenic rats were determined using the edgeR program#4. The data generated are
497  shown as the fold-change, p-value, and FDR for each gene.

498

499 Kinase Binding Assay

500 To validate our computational predictions, we employed a competition biding assay to detect the
501 binding of IBU to 425 human kinases. The proprietary KINOMEScan™ was performed by

502  Eurofins/DlscoverX (Fremont, CA). The tests were performed at 10 yM and 100 yM

503  concentrations of levosimendan, respectively. Assay results were reported as % Control,

504 calculated as follows:

505 (test compound signal — positive control signal) ¥ 100
(negative control signal — positive control signal)

506 A lower % Control score indicates a stronger interaction. The KINOMEScanTM experiment and

507 data analysis were performed by Eurofins/DiscoverX (Fremont, CA).

21


https://doi.org/10.1101/2021.04.06.438662
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.04.06.438662; this version posted April 8, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

508

509  Multi-scale predictive modeling of drug action

510 -Derivation of AD Signature:

511  We used six microglial RNAseq. Samples were obtained from ROSMAP projects through AMP-
512  AD Knowledge Portal*s. There were four samples from AD patients and two normal controls.
513  The sample IDs are shown in supplemental Table S5. We used Salmon?*¢ quantify, the

514  transcripts and DEseq2+ to perform differential expression analysis. Top differential expressed
515 genes with adjust p value < 0.05 are used as AD signatures for further analysis.

516

517  -Phenotypic compound screening:

518 The up and downregulated genes in AD signature who also served as LINCS L1000 landmark
519 genes were used to screen drug-induced expression profiles in L1000 dataset. The drug-

520 induced expression profiles we used here are processed by Bayesian signature detection

521 pipeline*. They are compared to the AD signature by Gene Set Enrichment Analysis (GSEA)*°,
522  and drugs with the lowest scores are selected as candidates.

523

524  -Prediction of genome-wide drug-target interactions:

525  We applied 3D-REMAP to predict drug off-target binding of IBU. The details of 3D-REMAP were
526 published elsewhere. In brief, 3D-REMAP first represents annotated chemical-protein

527 interactions (CPls) between millions of chemicals and thousands of proteins into a matrix. Then
528 it applies structure-bases ligand binding similarity searches and protein-ligand docking to fill
529 missing entries in the CPI matrix. Finally, it uses a one-class collaborative filtering algorithm to
530 predict all unknown CPls.

531

532  -Text mining for drug-gene-disease associations:
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533  The details of methods were published elsewhere?®. In brief, disease, gene, and chemical name
534  entries were recognized using DNorm v0.0.6%°, Gimli v1.0.25', and tmChem>2, respectively.

535 Word2Vec? was used to map each processed term in the PubMed abstracts to a 300-

536 dimensional vector, which represents that term’s relation to other terms. Drug-gene-disease
537  associations were then evaluated by the cosine similarity between the vector representation of
538 drug, gene, and disease terms.

539

540 -Prediction of BBB permeant:

541  The BBB permeant of chemical compounds was predicted using SwissADMES3.

542
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Experimental Design
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710

711  Figure 1. Cognitive effects of IBU-treatment on spatial learning and memory performance.

712 Experimental timeline (A). Latency to first entrance during training (B-E). Early acquisition (EA)
713  shows significant differences between WTNT vs TGNT (B). TGTR perform significantly better
714  than TGNT during EA (D). No differences in EA between WTNT vs WTTR (E) and WTTR and
715 TGTR (C). No differences were observed in asymptotic performance (Trials 4-6) across all

716  comparisons (B-E). Track tracing of individual rat performance for trial 3 across treatment

717  conditions (F). Test data show overall significant improvement in maximum time to avoid during
718 test following IBU treated vs untreated (G). *p < 0.05, **p < 0.01.
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726  Figure 2. AB plaque load is differentially reduced across hippocampal subregions. IHC for Ap
727  plaque load and DAPI for untreated (A) and IBU-treated TG rats (B). Scale bar = 1000uym for
728 panels (A) and (B). Plaque load was not reduced across hippocampal subregions collapsed (C),
729 orin CA1, CA3 or SB (D,E, G). IBU-treatment significantly reduced plaque load in DG (**p <
730  0.01), (F).
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C 3 Hippocampus 3 CA1 D 3 CA3 ° E
® °
[ ] ® b FX ] (]
° .-3*;.— "#ﬂ
8 2 o238 R 2 _é e, %0 2 p °f e
< ee® X ¥ é¥-_
< > o ! oo
w [ [ ] ° [ ]
T
o
1 1 1
0 0
TGNT TGTR
® males © females
F 3] Dentate gyrus 3 Subiculum G
3k 3k 3k %k °

°®

2 2 °

_z't: [)

—e

1 1

0 0 -

735
736

33


https://doi.org/10.1101/2021.04.06.438662
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.04.06.438662; this version posted April 8, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

737  Figure 3. Analysis of tau paired helical filaments (PHF1) in Tg-AD rats. IHC for PHF1 staining
738  across hippocampal subfields for TGNT (A) and TGTR rats (B). Scale bar = 1000 ym for (A) and
739  (B) large panels, 250 ym for (A) and (B) small panels. PHF1 positive signal was not reduced
740  across hippocampal subregions collapsed (C), in CA1 (D), CAS (E), or Subiculum (G). IBU-

741  treatment significantly reduced PHF1 signal in DG (****p < 0.0001) (F).
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746  Figure 4. Neuronal loss across hippocampal subregions assessed with NeuN staining. DG
747  shows a significant reduction in neuronal loss in TGNT vs WTNT, p < 0.0001 (A, B),

748  corresponding masks shown in (a, b). There were no significant effects between TGNT vs
749  TGTR with IBU on NeuN staining, neither collapsed across all subregions (C), nor in CA1 (D),
750 CA3 (E), DG (F), or SB (G). Scale bar = 1000um.
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766  Figure 5. Microglial analyses following IBU-treatment. IHC for Iba1 staining identifying various
767  form factors for circularity (A). Ratio for amoeboid/ramified expression collapsed across

768  hippocampal subregions show significant post-hoc differences between WTNT vs TGNT and for
769 individual subregions (CA1, CA3, Dentate gyrus and Subiculum (C-F). Significant post-hoc

770  differences identified for TGNT vs TGTR in hippocampus collapsed across subregions, CA1,
771  and CA3 (B-D). *p <0.05; ** p < 0.01, ***p < 0.001.
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780 Figure 6. RNA sequencing data for TGTR and TGNT rats show differential expression of genes
781  involved in the toll-like receptor (TLR) and Ub-proteasome (UP) pathways. These genes encode
782  for IRAK-specific substrates, IRAK isoforms, and ubiquitin ligases and conjugating enzymes.
783  Male and female hippocampal tissues were analyzed separately for mMRNA expression in TGTR
784  relative to TGNT. The dotted red line represents 100% of the gene expression for male or

785 female TGNT rats. *p < 0.05; **p < 0.01, ***p < 0.001, ****p < 0.0001.
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38(1) Figure S1. IBU dosage during experimental period.

ggg Figure S2. Weight change during the experimental period for WTTR and TGTR males and
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