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Parkinson’s disease (PD) is the second most common neurodegenerative disorder with prominent dopamine (DA) neuron degeneration. PD affects millions of people worldwide, but currently available therapies are limited to temporary relief of symptoms. As an effort to discover disease-modifying therapeutics, we have conducted a screen of 1,403 bioactive small molecule compounds using an in vivo whole organism screening assay in transgenic larval zebrafish. The transgenic model expresses the bacterial enzyme nitroreductase (NTR) driven by the tyrosine hydroxylase (th) promotor. NTR converts the commonly used antibiotic pro-drug metronidazole (MTZ) to the toxic nitroso radical form to induce DA neuronal loss. 57 compounds were identified with a brain health score (BHS) that was significantly improved compared to the MTZ treatment alone after FDR adjustment (padj<0.05). Independently, we curated the high throughput screening (HTS) data by annotating each compound with pharmaceutical classification, known mechanism of action, indication, IC50, and target. Using the Reactome database, we performed pathway analysis, which uncovered previously unknown pathways in addition to validating previously known pathways associated with PD. Non-topology-based pathway analysis of the screening data further identified apoptosis, estrogen hormone, dipeptidyl-peptidase 4, and opioid receptor Mu1 to be potentially significant pathways and targets involved in neuroprotection. A total of 12 compounds were examined with a secondary assay that imaged DA neurons before and after compound treatment. The z’-factor of this secondary assay was determined to be 0.58, suggesting it is an excellent assay for screening. Etodolac, nepafenac, aloperine, protionamide, and olmesartan showed significant neuroprotection and was also validated by blinded manual DA neuronal counting. To determine whether these compounds are broadly relevant for neuroprotection, we tested them on a conduritol-b-epoxide (CBE)-induced Gaucher disease (GD) model, in which the activity of glucocerebrosidase (GBA), a commonly known genetic risk factor for PD, was inhibited. Aloperine, olmesartan, and nepafenac showed significant protection of DA neurons in this assay. Together, this work, which combines high content whole organism in vivo imaging-based screen and bioinformatic pathway analysis of the screening dataset, delineates a previously uncharted approach for identifying hit-to-lead candidates and for implicating previously unknown pathways and targets involved in DA neuron protection.
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INTRODUCTION
Neurodegenerative diseases, characterized by progressive loss of neuronal types in the central or peripheral nervous systems (CNS or PNS) followed by multi-organ dysfunction or dementia, are a major source of disability worldwide. Parkinson’s disease (PD) is of particular concern as its prevalence is increasing rapidly but the development of disease-modifying therapeutics has been stagnant (Jankovic and Tan, 2020; Paolini Paoletti et al., 2020). PD is the second most common neurodegenerative disorder that affects more than 10 million people worldwide as of 2020, with an economic burden of $51.9 billion in the United States alone (Yang et al., 2020). Loss of dopamine (DA) neurons in the PD patients results in the cardinal motor symptoms that include bradykinesia, resting tremor, postural instability, and rigidity. Additionally, many PD patients also experience comorbidities including cardiac disorders and increased infection rates that can significantly impede the quality of life and pose severe burdens on their families and caregivers (DeMaagd and Philip, 2015; Armstrong and Okun, 2020). While there are several treatment options for PD that work by enhancing dopamine action, decreasing metabolism of dopamine, or replacing the natural form of dopamine with exogenous drugs tailored for each patient, these therapies provide symptomatic relief only (Armstrong and Okun, 2020). Levodopa is considered the gold standard therapy but is associated with significant complications such as the “wearing off” effect and levodopa-induced dyskinesia. The surgical method with deep brain stimulation has been established for alleviating some of these motor complications and possibly offering neuroprotection in animal models, but the mechanism remains inconclusive (Koprich et al., 2017; Jakobs et al., 2020). Thus, there is an urgent need for identifying disease-modifying therapeutics for PD.
While current therapeutic drug discovery is largely target-based, the implementation of phenotypic drug discovery has significant advantages particularly for neurodegenerative diseases (Ibhazehiebo et al., 2018; Lam and Peterson, 2019; Kim et al., 2021; Zhang et al., 2021). Phenotypic assays for a direct impact on neuronal integrity can bypass the need to fully understand complex biological processes underlying neurodegeneration, and in many cases provide leads to novel targets (Liu et al., 2016; Moffat et al., 2017). By directly imaging brain DA neuronal loss which is the hallmark of PD, our phenotypic screen aims to overcome the current challenge in target-based drug discovery, that is, difficulty in identifying suitable targets for idiopathic conditions. Larval zebrafish is an attractive model for phenotypic drug discovery as it possesses a high degree of genetic, physiological and morphological similarity with humans. Zebrafish genes share 70% homology with human counterparts and 82% disease-related genes have at least one zebrafish orthologue (Howe et al., 2013). The diencephalic region of the zebrafish brain is homologous to the substantia nigra pars compacta in humans which is the region of DA loss in PD patients. DA neurons are readily detectable in larvae as young as 3 days post-fertilization (dpf). zebrafish can produce many embryos on a weekly basis, which can grow up to seven dpf without the need for feeding or handling. The transgenic model used in the screening assay expresses the E. coli nitroreductase (NTR) controlled by the promoter of tyrosine hydroxylase (th), a rate-limiting enzyme in DA synthesis. This model, upon addition of the commonly used antibiotic metronidazole (MTZ), shows robust DA neuronal loss at the larval stage that is suitable for high throughput screening (HTS) screening. Neither genetic models nor neurotoxin (e.g., MPTP) models of PD offer such strength, due to late onset, weak or variable DA neuronal loss. The NTR converts MTZ to the toxic nitroso radical form (Curado et al., 2008; Pisharath and Parsons, 2009; Williams et al., 2015) in vivo causing DA neuronal loss that is quantifiable in the ventral forebrain region and involves mitochondrial dysfunction (Kim et al., 2021).
HTS generates large amounts of data and there are many different approaches towards deciding which compounds to pursue further for secondary validation. A widely accepted method for estimating the variability and effect size of the data is through the strictly standardized mean difference (SSMD) (Zhang et al., 2007). While SSMD scores can capture data variability, simply selecting the highest scoring compounds may not be sufficient to uncover candidate hits because SSMD is based on the ratio of mean to standard deviation which could lead to high SSMD scores even with a small mean, resulting in less desirable compounds. Likewise, simply looking at the mean scores (e.g., the brain health scores-BHS) may also result in false positives due to one skewed sample data.
Previously, we developed a high throughput DA neuron imaging method (Liu et al., 2016) and reported the identification of renin-angiotensin-aldosterone system (RAAS) inhibition as neuroprotective via mitochondrial targeting in DA neurons (Kim et al., 2021). In this study, we present for the first time the results of the entire 1403 HTS bioactive compound screen and uncover additional neuroprotective candidates after secondary validation. We apply a multi-pronged approach that incorporates the threshold-based method, topology-based analysis using the Reactome pathway database, and a non-topology-based method. By analyzing the entire screening datasets obtained from the HTS, significant and previously unknown pathways were identified to be involved in neuroprotection.
MATERIALS AND METHODS
Ethics Statement
The study was reviewed and approved by University of California, San Francisco Institutional Animal Care and Use Committee (approval number AN179000). The zebrafish system was regularly inspected by the University of California, San Francisco Laboratory Animal Resource Center.
Zebrafish Husbandry and Transgenic Lines
For all experiments in the study, homozygous Transgenic Tg[fuguth:gal4-uas:GFP; uas-NTRmCherry] and AB wild type were used. Zebrafish were raised on a 14:10 h light/dark cycle and maintained in the zebrafish facility according to the University of California San Francisco Institutional Animal Care and Use Committee standards. Embryos were raised in Blue Egg Water (0.12 g CaSO4, 0.2 g IO Salt, 30 μL of 1% Methylene per L).
High Throughput Screening of 1,403 Bioactive Compounds
For the in vivo high throughput screening assay we utilized a bioactive compound library from SelleckChem obtained from the UCSF Small Molecule Discovery Center (SMDC). As many of these compounds are FDA approved or validated in preclinical research, the target profiles and pharmacodynamics have been established. The assay was performed on a weekly protocol (Figure 1A) spanning from the initial collection of Tg[fuguth:gal4-uas:GFP; uas:NTRmCherry] embryos at day 0 and treatment with 200 µM 1-phenyl 2-thiourea (PTU) on 1dpf to remove the pigment. On 3dpf, larvae were transferred to round bottom 96-well plates containing 10 µM of screening compounds and treated with 4.5 mM MTZ for 48 h. The concentration and treatment period of MTZ was determined based on our previous work (Liu et al., 2016), which resulted in robust DA neuron loss (∼60%) without affecting larval zebrafish development and morphology. On 5dpf the larvae were treated with tricaine at a low concentration of 160 ug/mL 30 min prior to imaging the ventral forebrain dopamine (DA) neurons using the InCell 2000 (GE healthcare 28–9,534–63) automated microscope with the TexasRed channel and bright field using a 4 × 0.2NA objective (Nikon) using the built-in 2.5 D deconvolution setting. A total of five different poses were acquired by reorienting the larvae with a liquid handler (Biomek FXp) that mixed 40 μL of the solution in each well to change the orientation.
[image: Figure 1]FIGURE 1 | In vivo dopamine neuron imaging-based high throughput screening in larval zebrafish identifies potential neuroprotective compounds. (A) Overview of the high throughput screening assay. 3 dpf larvae are transferred to 96 well plates with 10 μM screening compounds. DMSO (positive control) or 4.5 mM MTZ (negative control) was added 3 hours later and the treatment lasted for 24 hr, followed by imaging with brightfield and TexRed channels on InCell 6,000. Images were analyzed with the Cellprofiler pipeline. (B) Schematic of the image processing pipeline using the custom generated MATLAB “fishplatebrowser” and Cellprofiler. The brightfield and TexRed images were used to automatically detect the eye and diencephalic region of the brain and to quantify DA neurons. (C) Dual flashlight plot generated from custom made GUI “HitDataBrowser” with MATLAB. Compounds can be selected and exported with SSMD, BHS, and corresponding sample number. (D) Compounds in the top right quadrant with high BHS and SSMD scores based on manual selection. Details of the compounds are shown in Table 1. PTU: 1-phenyl 2-thiourea MTZ: Metronidazole DMSO: dimethyl sulfoxide.
The images were analyzed on a custom generated MATLAB script (Figure 1B) that allows the manual selection of the best pose and the neurons are automatically extracted using the brightfield images with eyes as landmarks to automatically identify and extract the DA neurons. The analysis was based on a custom CellProfiler (McQuin et al., 2018) pipeline that processes and quantifies the fluorescent intensity and calculates the brain health score (BHS) based on the logarithm of the covariance between the brain image and a reference image generated from multiple healthy brains that was previously described (Liu et al., 2016). The BHS equation is as follows: BHS = log2 Σi,j IijMij, where I is the pixel intensity of the image and M is the pixel intensity of a template image based on the average of 35 brain images at pixel i, j. The SSMD was defined as the ratio of mean to the standard deviation of the difference between the MTZ treated negative control and the sample. The custom pipeline can be found in the Zenodo repository https://doi.org/10.5281/zenodo.5787480. All the experiments were performed in a blinded manner from compound treatment to analysis.
Topology and Non-Topology-Based Pathway Analysis
The bioactive compound library data was annotated with the Hugo Gene Nomenclature Committee (HGNC) database (Tweedie et al., 2021) and the Therapeutics target database (Wang et al., 2020). For each compound, the pharmaceutical class, known mechanism of action, indication, the half maximal inhibitory concentration (IC50), target, and the activity information was recorded (Figure 2A). For the SSMD and BHS scores of the compounds with opposing mechanisms of action such as inducer versus inhibitor, and agonist versus antagonist, the scores for the compounds with negative SSMD and BHS scores were inverted during the pathway analysis. The Reactome pathway analysis was conducted using the HGNC gene symbols as the identifier and the BHS as the numeric value. The non-topology-based pathway analysis was conducted with the entire HTS dataset. The annotated targets or pathways were analyzed with a Wilcoxon rank sum test to determine whether any had a brain health score that was significantly higher than the average of the entire dataset (FDR adj p < 0.05).
[image: Figure 2]FIGURE 2 | Curation and pathway analysis of the screening dataset identify novel mechanisms of neuroprotection. (A) Schematic showing the data processing and analysis pipeline. The example output of the annotations are shown on the right side with the corresponding numbers of each step. Hit calling was based on three criteria, including manual selection with good BHS and SSMD score, Wilcoxon rank sum test, and Reactome pathway analysis. (B) A list of significant pathways from the Reactome pathway analysis sorted from highest to lowest significance (Padj <0.01). (C) Significant pathways from the non-topology-based pathway analysis of the screening dataset. BHS of the chemicals in the same pathway were compared against BHS of all compounds in the dataset. (n = 5 to 13; Padj <0.05, Wilcoxon rank sum test). ADRA2A: Alpha-2A adrenergic receptor, PIK3: Phosphoinositide 3-kinase, COX1: Cytochrome c oxidase subunit I, OPRM1: Mu type opioid receptor, CHRNA1: Cholinergic Receptor Nicotinic Alpha 1 Subunit, RAAS: Renin angiotensin system, MAPK: Mitogen-activated protein kinase, PCP/CE: Planar cell polarity and convergent extension, DPP4: Dipeptidyl peptidase-4, TP53: Tumor protein P53.
Secondary Assay Optimization and Hit Validation
To validate candidate hit compounds from the primary screen, we developed a medium throughput secondary assay that incorporates larger sample size, higher resolution, and statistical effect size. 5 dpf larvae were embedded in 1.2% agarose and imaged both before chemical treatment and 24 h after treatment, using the same x,y,z coordinates (Figure 3A). Image analysis was conducted by determining the ratio of “after treatment BHS” to “before treatment BHS”. Since embedding did not need the multi-pose method from the initial screen (Liu et al., 2016), a flat bottom 96 well plate was used for greater efficiency in embedding and better tracking of well coordinates and resolution.
[image: Figure 3]FIGURE 3 | Establishment of a secondary hit validation assay and validation of candidate hit compounds. (A) Schematic of the secondary hit validation assay using agarose embedding and automated imaging. At 5 dpf, larvae were embedded in 1.2% agarose and imaged under brightfield and DsRed channels. The larvae were treated with 0.2% DMSO or 9 mM MTZ with or without hit compounds. At 6 dpf, larvae were again imaged with the same x,y,z coordinates on the microscope. Image shown is an example of a 0.2% DMSO control. (B) Comparison of 40 and 50 μL 1.2% low melting point agarose for embedding. Samples embedded with 40 μL agarose showed significant difference between DMSO control and 9 mM MTZ (n = 8; p < 0.05, unpaired t test), whereas those with 50 μL agarose did not, due to increased distance between the objective and the samples. (C) Evaluation of Z′-factor for the secondary hit validation assay. The 0.2% DMSO control and 24 h of 9 mM MTZ treatment showed a significant difference in DA neuron intensity with a z’factor of 0.58. (D) Secondary hit validation of compounds with the embedding assay. Samples were treated with 10 μM of each candidate compound and 9 mM MTZ for 24 h. Etodolac, nepafenac, NAC, aloperine, Protionamide, olmesartan, and captopril showed significantly greater “BHS After treatment” to “BHS before treatment” ratio compared to the negative control (9 mM MTZ) (n = 22 to 30; one-way ANOVA F = 12.33, p = 0.003, post-hoc Fishers LSD *p < 0.05, **p < 0.01, ***p < 0.001). MTZ: metronidazole, DMSO: dimethyl sulfoxide, NAC: N-Acetyl Cysteine, NMDA: N-methyl-d-aspartate, MMF: Mycophenolate mofetil, SGC: SGC-CBP30.
The hit candidates selected from the pathway analysis underwent a secondary assay validation with greater sample size. Unlike the primary HTS assay, the secondary assay was designed as a low throughput assay that involves manual embedding of each larval zebrafish in a thin layer of agarose to obtain the most optimal position for visualizing the DA neurons, followed by imaging using a ×20 objective under a confocal microscope with both before and after images taken. The assay was optimized by determining the shape of the well, agarose concentration, and volume of agarose used for embedding. A flat bottom 96 well plate (Griener cat no 655096) was used. The candidate hits were added in 10 μM concentration for 3 h prior to the administration of 9 mM MTZ. The 5 dpf before treatment images were taken on the InCell 6,000 (GE healthcare) and subsequently taken again post 24 h incubation. The images were taken with an inverted ×20 objective under dsRed and brightfield channels (0.45NA, 7.5 mm working distance). 3 μm Z-slices for a total of 40 slices were obtained and the max intensity projection was processed with ImageJ. The BHS was calculated based on the Cellprofiler pipeline as described above. The ratio of BHS before treatment and BHS after treatment was used to quantify the neuroprotective effect and to account for any changes due to brain development during the incubation period. For the dose response studies, concentrations of the compounds were prepared from a series of 5-fold dilutions that were determined by a range based on the known EC50 properties. The candidate compounds were purchased from SelleckChem (NMDA: S7072, Sophocarpine: S2405, IWR Endo: S7086, Etodolac: S1328, Nepafenac: S1255, Aloperine: S2420, SGC-CBP30: S7256, NAC: S1623, AT9283: S1134, Protionamide: S1881, olmesartan: S1604, captopril: S2051, Mycophenolate Mofetil: S1501). The manual screening was performed in a blinded manner by having a single investigator code the compounds and another investigator counting the medium- and large-sized DA neurons under the 20x epifluorescent compound microscope (Zeiss).
RESULTS
In Vivo DA Neuron Imaging-Based High Throughput Screening Identifies Neuroprotective Compounds
A total of 1,403 bioactive compounds (SelleckChem) were screened at 10 μM concentration that were obtained from the UCSF Small Molecule Discovery Center (SMDC). The dual flashlight plot was created to visualize the strictly standardized mean difference (SSMD) and the BHS (Figures 1C,D). A total of 57 compounds had a BHS score that was significantly greater when compared to MTZ treatment alone (FDR adjusted p < 0.05) (Table 1). 67% of the hit compounds identified were inhibitors while 14% were agonists or activators. The remaining compounds were synthetic hormones or glucocorticoids including prednisolone, budesonide, hexestrol, and mestranol. Four compounds were natural products from plants including aloperine, matrine, and sesamin. The primary therapeutic class for the compounds consisted of 32% anti-cancer, 31% neurological, 15% infectious diseases, 12% cardiovascular, and 10% endocrinology drugs.
TABLE 1 | Top 30 hit compounds from the bioactive high throughput screen with high SSMD and BHS (ranked by BHS).
[image: Table 1]Pathway Analyses Identify Previously Unknown and Validate Previously Known Pathways Associated With PD
The Reactome pathway analysis identified 24 significant pathways after correcting for false discoveries (Figure 2B) (p < 0.05, FDR = 0.01). With PD being highly related to mitochondrial dysfunction, pathways including deubiquitylation, cyclooxygenase (COX), respiratory electron transport, mitochondrial biogenesis were found to be significant. Other pathways relevant to PD such as acetylcholine receptors, adrenergic signaling, mitogen activated protein kinase (MAPK) were also found to be significant. Additionally, cell cycle and development pathways were found significant including transcriptional regulation by AP-2 and G2/M DNA replication checkpoint. Several pathways were novel or have limited implications in PD, including RAR Related Orphan Receptor A (RORA) gene activation, circadian clock, ovarian tumor proteases, Peroxisome proliferator-activated receptor alpha (PPARα), renin angiotensin system, and insulin regulation.
The non-topology-based pathway analysis using the Wilcoxon rank sum test of the entire dataset showed 15 targets and pathways to be significant (p < 0.05, FDR = 0.05) (Figure 1C). Apoptosis, estrogen hormone, dipeptidyl-peptidase 4 (DPP4), and opioid receptor Mu 1 were significant in the Wilcoxon rank sum test but not in the Reactome analysis. A total of 83 compounds were shown to be significant in both the Reactome and Wilcoxon rank sum test (Table 2). 32 compounds were already FDA approved and 20 compounds were in early phase clinical trials.
TABLE 2 | Significant compounds and pathways identified from the Reactome and Wilcoxon Rank sum test. Detailed information of the 83 compounds from the initial compound library that were shown to be significant in both the Reactome pathway analysis and wilcoxon rank sum test. The strictly standardized mean difference (SSMD) score measures the effect size and the variance amongst the triplicate larval samples for each compound. The brain health score (BHS) was defined as the logarithm of the covariance between the brain image and a template image. During the analysis pipeline, the SSMD and BHS scores were converted for directionality based on the pharmacological activity profile obtained from the Therapeutic Target database. The pathway names were outputted directly based on the target and activity profile from Reactome.
[image: Table 2]Secondary Hit Validation Identifies Non-Steroidal Anti-inflammatory Drugs, Renin Angiotensin System, Aloperine, and Protionamide to Be Neuroprotective
For secondary hit validation, we developed an agarose embedding method to achieve better resolution for imaging DA neurons. We first experimented with the volume of agarose used for embedding. 40 μL was chosen as it did not harm or stress larvae during the 24 h incubation period (Figure 3B). The higher 50 uL volume of agarose resulted in worsening image quality due to the distance between the DA neurons and inverted objective lens. Furthermore, having too much agarose possibly resulted in less air exchange, thus impairing the health of the larvae when embedded for a prolonged period of time. The calculated z’ factor of the secondary assay was 0.58, which is considered an excellent assay with less within-group variation compared to the z’ factor 0.35 of the primary assay (Figure 3C, Supplementary Figure S1).
Utilizing the secondary hit validation assay, a total of 12 candidate compounds were tested for neuroprotection. We selected these compounds based on a combination of statistical thresholding using SSMD and BHS and pathway analyses. Additionally, N-Acetyl Cysteine (NAC) was used as a reference compound based on previous studies showing significant neuroprotection in other DA models (Monti et al., 2019). After treatment with 9 mM MTZ for 48 h and comparing the BHS of the before and after images, 10 μM etodolac, nepafenac, aloperine, NAC, protionamide, olmesartan, and captopril showed significant neuroprotection (Figure 3D). These compounds were then manually validated in a single blinded design by counting the medium to high intensity dopamine neurons after 24 h of MTZ treatment. All compounds except for nepafenac were shown to be significant compared to control (p < 0.05) (Figure 4A). A dose response study of nepafenac showed lower doses (0.04 and 2.0 μM) to be neuroprotective (Supplementary Figure S2). For the dose response study, there were no linear dose response relationships observed in the BHS scores and toxicity was observed for all compounds at the highest concentrations.
[image: Figure 4]FIGURE 4 | Manual screening and combination screening of hit candidates based on secondary assay. (A) Manual screening of the significant compounds identified from the secondary hit validation assay. All samples were manually quantified in a blinded manner after 24 h treatment with candidate compounds and MTZ as described above. (n = 7 to 8; one-way ANOVA F = 16.72, p < 0.001, post-hoc Fishers LSD *p < 0.05, **p < 0.01). (B) Heatmap matrix showing the BHS for testing hit compounds in combination. All candidate compounds were 10 μM in concentration. The combination of etodolac-nepafenac, etodolac-protionamide, and etodolac-aloperine showed greater BHS compared to the administration of either alone. 0.2% DMSO for positive control and 9 mM MTZ for negative control. (n = 12 to 16; *p < 0.05, **p < 0.01, unpaired t test).
Significantly neuroprotective drugs were also tested in combination to determine the possible drug pairs that could provide additive or synergistic effects on neuroprotection. The combination of etodolac-nepafenac, etodolac-protionamide, and etodolac-aloperine showed a greater BHS compared to the administration of either compound alone (Figure 4B).
Validation of Candidate Compounds in a Chemically Induced Gaucher Disease Model Uncovers DA Neuron Protection
As the NTR-MTZ induced DA neuron degeneration does not directly relate to the etiology of PD in humans, we next tested the candidate compounds using a chemically induced Gaucher’s disease model. Gaucher’s disease involves mutations in the glucocerebrosidase (gba1) gene, which is known to be the most common genetic risk factor for PD (Riboldi and Di Fonzo, 2019). Chemical inhibition of GBA was achieved using conduritol B-epoxide, which has been previously established in both mice and zebrafish (Vardi et al., 2016; Artola et al., 2019). 5 dpf larvae were treated with 10 μM of the candidate compounds etodolac, nepafenac, olmesartan, protionamide, and aloperine along with 500 μM CBE for 48 h. At 7 dpf, the larvae were imaged with the InCell 6,000 high throughput confocal imaging platform and the ventral DA neurons were analyzed with the custom CellProfiler pipeline (Figure 5A). The compounds nepafenac, olmesartan, and aloperine showed significant neuroprotection compared to the CBE treatment alone (p < 0.01, p < 0.01, and p < 0.001 respectively, one-way ANOVA with post-hoc Fischer’s LSD) (Figure 5B).
[image: Figure 5]FIGURE 5 | Validation of candidate compounds in a chemically induced Gaucher disease model. (A) High throughput imaging of DA neurons with the InCell 6,000 platform for the positive control, CBE, and the candidate compounds. The bottom left image shows the DA neuron isolation process in the custom Cellprofiler pipeline used for image analysis. (B) Hit validation of candidate compounds with 48 h treatment of 500 μM CBE. At 5 dpf, larvae were treated with 0.2% DMSO (positive control), 500 μM CBE (negative control), and the CBE+ 10 μM candidate compounds for 48 h. At 7 dpf, the larvae were imaged with a confocal microscope. The 500 μM CBE showed significant reduction in DA neurons compared to the 0.2% DMSO control (N = 12; p = 0.0012, unpaired t-test). Nepafenac, olmesartan, and aloperine showed significant neuroprotection when co-treated with CBE (N = 10 to 12; one-way ANOVA F = 6.205, p < 0.001, post-hoc Fishers LSD **p < 0.01, ***p < 0.001, unpaired t-test). CBE: Conduritol B epoxide.
Statistical Analysis
The SSMD and BHS data from high throughput screening studies were analyzed by one-way ANOVA and post-hoc Fishers LSD (lease squares difference) test with the R program and is expressed as means ± SEM unless otherwise stated. When only two groups were present (i.e., DMSO versus MTZ control or 40uL agarose versus 50uL agarose), an unpaired t-test was performed. The pathway analysis with Reactome was conducted with an over-representation (hypergeometric) test. The non-topology-based pathway analysis was carried out using the Wilcoxon rank sum test to identify significant targets from the entire screen. All the secondary hit validations were conducted with a one-way ANOVA and post-hoc LSD between the sample and negative control (MTZ treatment).
DISCUSSION
By developing a whole organism screening assay that directly images DA neurons of larval zebrafish in a high throughput manner, we have introduced a phenotype-based method for identifying compounds that protect against DA neuron degeneration. The secondary hit validation assay that utilizes the embedding technique to image before and after treatment showed an excellent z’ factor score. Since a threshold-based hit calling method using SSMD and BHS scores focuses primarily on the selection of top scored hits, this is limited due to the small sample size of n = 3 in the primary screen, some true hit may be missed due to low affinity of the compounds that may be improvable by future medicinal chemistry. We therefore employed additional bioinformatic analysis to select candidates based on significant results from the pathway analysis. These efforts led to the identification of new pathways previously not linked to PD, as well as the validation of pathways previously implicated in PD.
Pathway analysis revealed mitochondrial dysfunction and respiratory transport chain pathways that are known to be closely tied to the etiology of PD (Park et al., 2018). This finding further strengthens the relevance of our screening assay to PD. The relevance of our screening assay has also been established in our recent report of an in-depth analysis of the RAAS inhibitors in PD (Kim et al., 2021). Etodolac and nepafenac identified in our screen are known COX-2 selective inhibitors, which have been previously studied as potential PD therapeutics with its anti-inflammatory properties. Particularly COX-2 is involved in microglia activation, production of radicals, and protects against DA neuron loss in 6-OHDA rat models (Sánchez-Pernaute et al., 2004; Bartels and Leenders, 2010).
Pathways that are not previously associated with PD could lead to new targets and therapeutics. The pathway related to circadian rhythm regulation was found significant from the Reactome pathway analysis. These include the BMAL1:CLOCK:NPAS2 circadian gene expression pathway. Sleep disturbance is a common nonmotor complaint in PD but the etiology is not well understood (Breen et al., 2014). The circadian clock gene BMAL1 is important in sleep control and leukocytes of PD patients have shown to have altered expression that also correlates with PD severity (Cai et al., 2010). Studies in mice have shown that cholinergic neurons of the basal forebrain are more active in Bmal1 muscle-overexpressed mice (Ehlen et al., 2017). In zebrafish, circadian genes modulate dopamine levels (Huang et al., 2015). Insulin regulation and glucose control was also found to be significantly linked to neuroprotection in the pathway analysis. This is supported by a previous report that hyperglycemia increases the production of reactive oxygen species from the mitochondrial electron transport chain and type 2 diabetes is associated with an increased risk of PD (Hu et al., 2007).
The natural product aloperine showed strong and validated neuroprotective effects in this study. Aloperine is a quinolizidine-type alkaloid that is known to have antioxidant properties through suppression of NF-κB signaling (Xu et al., 2014), activation of nuclear factor erythroid-related factor 2 (Song et al., 2018). Aloperine can also inhibit apoptosis in amyloid induced mouse cells in a mitochondria-dependent pathway (Zhao et al., 2018). The neuroprotective benefits of natural compounds are a promising topic of interest but further efforts on elucidating their pharmacokinetic and pharmacodynamic properties are needed (Sharifi-Rad et al., 2020).
The initial screen had a relatively low sample size of n = 3 which could have led to variability and potential false errors. However, this was mitigated by calculating the SSMD score and evaluating not single compounds, but a group of compounds based on pharmacological targets and pathway analysis. Furthermore, secondary validation was conducted with greater sample size along with a blinded manual screen. With the NTR/MTZ assay, it is possible that the compounds that act as inhibitors of NTR could come across as being neuroprotective. These compounds should not show neuroprotection in the second model, the CBE-induced GD model. Therefore, by using both assays in our study, we shall be able to identify broad neuroprotective compounds and distinguish them from NTR inhibitors. The hit compounds identified in this paper will require follow up studies in other animal models and at the mechanistic levels to understand their potential neuroprotective effects in PD.
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