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Abstract
	The growth of Alzheimer’s disease in today’s society is a major cause of public health concern. According to the Centers of Disease Control & Prevention, Alzheimer’s disease currently effects an estimated 5.7 million Americans and the disease remains incurable often leading to a patient’s mortality. A major hallmark of pathological concern in AD is age, as symptoms of the disease remain largely hidden until a person reaches the age of 60 years old. Furthermore, with an increase of age every 5 years following an individual’s 60th birthday the incidence of AD more than doubles promoting the significance of age as a major risk factor for AD pathogenesis. Inhibitor of Differentiator 3 (ID3) is a gene that is known to be involved in molecular processes such as angiogenesis and neurogenesis in the brain vasculature. Given the importance of vascular dysfunction in the promotion of AD etiology, this study seeks to explore the relevance of the ID family of genes in terms of overexpression or underexpression of signaling pathways that are associated with hallmark clinical variables of AD such as sex and age of AD onset. Data would be collected from the Allen Atlas a public repository database that provides RNA-Seq data on an established AD cohort of 55 control patients versus 55 AD patients. In addition, this data provides RNA expression values across 377 tissue samples taken from brain regions of critical importance to neurocognitive processing such as the hippocampus, prefrontal cortex, and temporal cortex. After aligning and normalizing the data using RNA-Seq analysis software programs provided on the open source web-based platform Galaxy, determined genes of significance were discretized for input along with clinical variables of age and sex into a statistical conditional probability modeling program titled Bayesian Network Inference with Java Objects (BANJO) program. Running the program across three separate trials with established guidelines for proper time intervals, we will have the power of millions of simulations that run through the inputted data gathered from our AD RNA-Seq data.  The machine learning approach derived from BANJO provides us with novel pathways to investigate the AD clinical variables of age and sex in this disease cohort. Statistical analysis will include the use of the TMM normalization included in the Edger package of the R program software, this package also uses a negative binomial logarithmic comparison between our control and AD group of patients that provides us with a list of significant up regulated or down regulated genes. From these determined significant genes we will select those that are known to be targets of the ID3 gene as verified from our preliminary laboratory studies using Chip Sequencing results. Results will determine if ID3 overexpression or underexpression is more related to our clinical variables of investigation helping to further promote the understanding of vascular remodeling pathologies in AD onset.
Introduction & Background
	The growth of Alzheimer’s disease in today’s society is a major cause of public health concern. According to the Center of Disease Control & Prevention, Alzheimer’s disease currently effects an estimated 5.7 million Americans and the disease remains incurable often leading to a patient’s mortality (CDC, 2018). A major hallmark of pathological concern in AD is age, as symptoms of the disease remain largely hidden until a person reaches the age of 60 years old. Furthermore, a projected increase of AD incidence more than doubles every 5 years beyond the age of 65 (CDC, 2018). The clinical variable of age is considered the most relevant risk factor for AD pathogenesis. Their remains much debate in regards to the molecular progression of AD over time as a person ages, with an increasing amount of evidence giving support to the “vascular theory” of pathogenesis which links pathological vascular remodeling as a common occurrence observed in AD patient post mortem tissue analysis. These various types of vascular remodeling alterations to the cerebral vasculature induce a phenotype of spiraling or looping brain microvessels thus providing less efficient oxygen flow to brain regions associated with neurocognition. This induced state of hypoxia is readily scene in the elderly and must be considered as an important biological component of AD pathogenesis for more effective treatments. Our previous studies have verified that activation of ID3 in response to oxidative stress induced by chemical pollutant exposure promotes a state of neovascularization in the brain akin to that seen in the post mortem tissue of AD patients (Das & Felty, 2014). Furthermore, several studies on AD patients have validated the overexpression of ID family genes within brain regions crucial to neurodegeneration associated with AD pathologies (Liang, 2010; Webster, 2014; Zhang, 2013; Allen, 2016). This evidence of ID family overexpression within the highly neovascularized brain regions of AD patients begs us to question the role that these ID family of proteins play in promoting the pathogenesis of AD over an individual’s lifetime. Another interesting aspect of the ID family of proteins is their gender biased activation in multiple disease pathologies. For example, ID3 is known to be overexpressed significantly in female pulmonary endothelial cells in idiopathic pulmonary arterial hypertension (Mair et al., 2014). This localized ID3 overexpression in endothelial cells has yet to be investigated in the brain vasculature in regards to pathological angiogenesis observed in AD pathology. By looking at various DNA microarray and RNA-Seq expression case versus control studies, we can identify which genes are either activated or suppressed in Alzheimer's patients, as compared to normal controls in these datasets. Therefore, our study seeks to address the following objectives: provide a probabilistic graphical model where we can see if ID family proteins associate with age/gender in AD patients and also provide further pathway enrichment analysis with GENIE or KEGG to help illustrate which molecular processes are highly involved in the progression of AD as determined by RNA-Seq analysis. Among the multiple variables that can affect the progression of AD and results of clinical diagnosis includes a list of the following: tissue type, age, history of traumatic brain injury, and sex. Due to a lack of studies in the literature analyzing the role of pathological angiogenesis its genetic relation to clinical risk factors of AD such as age & sex this study aims to provide enlightenment upon this hypothesis. 


· Methods (Data Analysis): Briefly present what statistical analysis you are going to use

Bayesian Networks
We seek to utilize Bayesian networks to help us determine our hypothesis of whether the ID family of genes (ID1, ID2, ID3, & ID4) is related to the development of Alzheimer’s disease brain vascular pathology. Bayesian networks represent structures that consist of directed acyclic graphical models where connections or arcs identify the causal influence between parent nodes and child nodes in a network (Yoo, C. Yoo, 2011). Furthermore, these arcs that connect our random variables of interest (Genes & Clinical AD Variables) can encompass orientations that converge, diverge, and remain serial in nature determining differential causal relationships between our variables of interest (Yoo, C. Yoo, 2011).These Bayesian networks novel insights into possible causal pathways involved in AD pathogenesis and brain vascular dysfunction. 
Dataset Preparation 
	The data used in our study will be collected from Gene Expression Omnibus (GEO) and the Aging, Dementia, and TBI (ADT) cohort RNA-Seq datasets supplied by the Allen Institute for Brain Science. We focused on the collection of datasets that solely utilized human subjects with established control versus AD groups, and datasets that obtained brain tissue or microvessel biological samples to better validate our vascular hypothesis. Table 1, contains the datasets along with identifying variables of the studies utilized in our analysis. 








	Study Name
	Author
	Study Size
	Number of AD/diseased patients
	Number of Control patients
	Study ID
	Platform

	Neuropathological and transcriptomic characteristics of the aged brain. (Miller et al. , 2016)
	Miller, Guillozet-Bongaarts, Gibbons, Postupna
	377 RNA tissue samples from 110 patients
	55
	55
	GSE104687
	GPL16791

	Gene Expression Profiling in Alzheimer’s Disease Brain Microvessels (Wang, 2012)
	Wang, Yin, Grammas
	20 samples of paired AD-Control samples
	10
	10
	GSE45596
	GPL4133

	Modeling Alzheimer's disease with iPSCs reveals stress phenotypes associated with intracellular Aβ and differential drug responsiveness. (Inoue, 2013)
	Inoue, Kondo
	6 samples
	3
	3
	GSE43326
	GPL6244

	Nativio R, Donahue G, Berson A, Lan Y et al. Dysregulation of the epigenetic landscape of normal aging in Alzheimer's disease. Nat Neurosci 2018 Apr;21(4):497-505.
	Nativio R, Donahue G, Berson A, Lan Y et al. 
	30 post-mortem brain tissue samples from temporal lobe
	12
	18
	GSE104704
		
GPL18573

	Miller JA, Guillozet-Bongaarts A, Gibbons LE, Postupna N et al. Neuropathological and transcriptomic characteristics of the aged brain. Elife 2017 Nov 9;6.
	Miller JA, Keene CD, Lein ES
	107 human brains, 376 brain tissue samples
	55
	52
	GSE104687
	GPL16791	


[bookmark: _GoBack]	Note: More datasets will be collected over the next week. 
	For DNA microarray studies, we will utilize the GEO2R and limma package to normalize raw data for adequate cross comparison of significant differential expressed genes of between our Control-AD patient groups. The limma package utilizes a linear model with a moderated t-test that utilizes a log2 fold change along with an output of p values that represent genes that are statistically significant across experimental conditions (Ritchie et al., 2015). Genes that are determined to be significant according to a stringent p-value of 0.01, will then be accessed to see which genes are determined to be ID3 targets according to our prior CHIP-seq lab analysis results. 
	I will be performing RNA-Seq analysis upon the Aging, Dementia, and Traumatic Brain Injury (TBI). To begin, we wanted to clarify what reasoning and study objectives behind our methods for performing this RNA-Seq and microarray dataset analysis. Furthermore, how we discerned some of the most distinguishable clinical variables that our involved in vascular dementia and Alzheimer’s Disease pathology.  The Allen Database repository provides RNA sequencing datasets from 107 post-mortem brain samples each corresponding to a unique TBI cohort patient's brain, including in total 377 brain tissue samples across brain regions that include a diverse array of brain structures consisting from cortical grey (parietal and temporal) and white matter (parietal) and hippocampus. This dataset provides a sample total of 107 patient brains, along with a tissue samples total of 377 tissue samples across multiple brain regions. A good note would be to verify that we have multiple tissue samples responsible for each unique brain and can be clarified by the fact that researchers in this study used multiple tissue samples for most individual patient brains to measure the endogenous shift in RNA protein expression across an individual’s brain regions. In a preliminary analysis using the RNA-Seq tab in the link above you can view the expression of a gene of interest (for me ID3) analyzed and mapped across all tissue samples. Furthermore, you can define your variables of interest when constructing the heat map which in my case was gender, brain region, and dementia disease state. When choosing these parameters we found that the ID family with ID3 most specifically being much more highly expressed in diseased AD Hippocampus regions of Females and Males being more highly expressed in dementia diagnosed patients versus non-Dementia diagnosed patients. Therefore, to further validate this tool's output we wanted to proceed with the objective of measuring the ID family of genes (ID1, ID2, ID3, ID4) and the NRF1 gene both groups known to be vital in redox oxidative stress repair in the brain in order to see if fold change values across AD cases versus controls would be significant. And if so, the next step would be to gather a list of all ID3 target genes that were found to be significant in DGE comparison analysis. Finally, the goal would be to discretize these significant genes and also the clinical variables of gender, disease, and age in order to find any causal network structures for novel pathways involved in AD pathogenesis. In the files attached, you can find the clinical information regarding the samples in this dataset such as the number of controls versus cases of AD patients on GEO at GSE104687. I plan to provide an update of ths analysis weekly to help any other individuals who seek to utilize this database or perform RNA-Seq analysis. 





	For RNA-Seq studies, we will utilize the Galaxy open ended software platform to align, read, and analyze the raw fastq files collected from human AD patients versus control patients. Alignment of raw fastq files will be determined using the Bowtie2 gene alignment program, and the reference genome used for alignment will be the GRCh38.p2 version of the human genome. The RNA counts will be converted into FPKM expression values where z-values can be determined for genes of significance. Annotation and conversion of transcript ID’s will be determined using the DAVID gene ID conversion tool supplied by Galaxy. The DESeq2 R package will be used to determine our significant genes across AD versus Control patients. The DESeq2 package utilizes a negative binomial statistical test to determine genes of significance against a p-value we will set to 0.01. After our list of genes have been determined we will further trim down the list to only include targeted genes of the ID family. Discretization of our expression values will be determined according to their calculated Z-values and placed into three states; under-expressed (Low), normal expression (No Change), and over-expressed (High). The discretized file will then be inputted into Banjo for graphical interpretation. 
Analysis
	Data will be ran through Banjo across 9 runs with three trials conducted at three separate time windows of three hours, nine hours, and twelve hours. The most reliable and concessive results will be put into the Graphical Network Interface (GeNIe) allowing us to observe which genes were most associated with sex and age across our AD datasets. 



· Timeline: Present every week what you are going to produce as an outcome.
Oct 7 — 13, 2018 -> The outcome for this week will be to have collected all our datasets of interest and have provided the proper clinical variables representative of each AD and control patient. 

Oct 14 — 20, 2018 -> The outcome for this week will be to have analyzed all of the DNA microarray datasets for significant ID3 target genes of interest. 

Oct 21 — 27, 2018 -> The outcome for this week will be to have analyzed all of the RNA-Seq datasets for significant ID3 target genes of interest across AD versus control groups. 

Oct 28 — Nov 3, 2018 -> The outcome for this week will be to have discretized all of the significant gene expression values into three states for under-expression, no change in expression, and over-expression. 

Nov 4 — 10, 2018 -> The outcome for this week will be to have ran our data through Banjo at least 3 times. 

Nov 11 — 17, 2018 -> The outcome for this week will be to have utilized GeNie to represent our results graphically to see if our hypothesis was correct. 

Nov 18 — 24, 2018 -> Begin writing the final paper for the course illustrating the interpretation of our results and project structure. 
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