Dataset Collection: 
Alzheimer's disease (AD) gene expression data were obtained from the National Center for Biotechnology Information (NCBI) Gene Expression Omnibus (GEO) database. GEO was created by NCBI as a database open to the public for high throughput gene expression and hybridization experiments for a variety of diseases (Edgar et al., 2002; Barrett, 2013). Data included in this study contained human post-mortem samples that indicated AD status, brain region of the tissue sample, age, and biological sex of the subject. Gene expression and clinical data on control and AD samples were downloaded from GEO series (GSE) files in the series matrix format. Details on the microarrays used to measure gene expression of samples in the GSE files were downloaded as GPL files.  Details on the collected datasets are described in Table 1.	Comment by Lauren San Diego: Is this too technical? 	Comment by Lauren San Diego: Should this go into the Results section? 
Finding Common Genes and Matching Genes to the probe ID names: 
The list of genes common to all GSE files included in this study were determined by using the GPL files of each study and finding the common genes among all of these GPL files. The GPL file was then used to match the probe ID names listed in the GSE files to their respective gene names via Microsoft Access as described by Dr. Phelix (2013, June 10).
Normalization of Gene Expression Data: 
The gene expression data were normalized on Microsoft Excel using z-scores. Z-scores were calculated for each dataset by finding the average and standard deviation of each gene expression value for the entire dataset. The z-score for the gene expression value for each sample in the dataset was determined using the equation below.
Z-score calculation:
[image: ]
These scores were then categorized as Low (z-score<-1), Normal (-1<z-score<1), or High (z-score>1) gene expression levels. AD status for samples was simplified to either AD or Non-AD. The hippocampus is important for memory and is frequently cited as the brain region most severely affected by AD. Brain regions from the datasets were categorized as either Hippocampus or Non-Hippocampus. Ages were categorized as Age>65 or Age ≤65. 
Analysis: 	Comment by Lauren San Diego: Should this go in the Introduction/ Background information? 
The data was analyzed using Bayesian Networks (BNs). BNs are system-based approaches in analyzing large datasets. Results are in the form of directed acyclic graphs where the nodes represent random variables of interest. In this study, different states of the random variables represent the different categories of gene expression, AD status, Brain Region, or Age. 
The relationships between the nodes are represented by arcs, and the probabilities that further describe these relationships are assigned to these nodes based off the joint distributions of the nodes' parents. The connections of these nodes allow us to deduce relationships between nodes that are not directly connected to each other. There are three basic connections between these nodes: 
Serial connections show the chain of variables that lead to a certain state. If the states of all modeled variables are unknown, all these modeled variables influence each other. However, when the state of a middle node is known, the nodes above and below that node are now independent of each other.
Figure 1: Example of a Serial Connection
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In this example, given no evidence, all the variables are dependent on each other. Each of the probabilities of High, Normal, and Low gene expression of lower nodes are dependent on the distribution of High, Normal, and Low gene expression of the node directly above it. The state of PSEN1 expression influences the states of PSEN2, APP, and APOE. However, if evidence is provided on the state of PSEN2, the states of APP and APOE are now independent of PSEN1. 
In Figure 1 PSEN1 expression influences the expression of PSEN2, APP, and APOE when there is no evidence of any of the variables’ states. If the expression of PSEN2 was known, then PSEN1 expression would not influence APP or APOE expression. APP would still influence APOE expression given knowledge of PSEN2 expression, but APP and APOE expression would be independent of PSEN1 expression. 
Diverging connections show how one node influences or affects two or more of the other nodes. Given evidence on the affected nodes or no evidence on the node where the diversion occurs, the children nodes influence and are connected to each other. However, given information on the node where the diversion occurs, the children of those nodes are independent of each other. This relationship is useful in distinguishing the difference between the causes of one node's state from other nodes that are also a result of a shared cause. 
Figure 2: Example of a Diverging Connection
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In this example, given no evidence, all the variables are dependent on each other. Each of states of Age, PSEN1, and APP are dependent on the state of the Alzheimer node. However, if evidence is provided on the state of Alzheimer, the states of Age, PSEN1, and APP are all independent of each other. 
Figure 3: Example of a Converging Connection
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In this example, given no evidence, APOE, PSEN2, and PSEN1 are independent on each other. The probabilities of High, Normal, and Low gene expressions of APP are dependent on the different combinations of High, Normal, and Low gene expression of APOE, PSEN2, and PSEN1. However, if evidence is provided on the state of APP, the states of APOE, PSEN2, and PSEN1 now influence each other. 
In Figure 2, if there is no information on the state of Alzheimer or there is information on age, PSEN1, or APP expression, information can be deduced for Alzheimer, age, APP, and PSEN1. However, if the state of Alzheimer is known, then the information on age, APP expression, and PSEN1 expression are independent of each other. 
Converging connections demonstrate how several nodes cause or influence a common node. Without information on the common node, these nodes are independent from each other (Charniak, 1991). 
In Figure 3, the expression levels of APOE, PSEN2, and PSEN1 are independent of each other if the expression level of APP is unknown. However, if the expression level of APP is known, then information can be deduced for the expression levels of APOE, PSEN1, and PSEN2. 
Finding Bayesian Networks:
There are a variety of programs available to construct a BN from data. Here the software Bayesian Networks Inference with Java Objects (BaNJO) (Version 2.2; Hartemink, A., 2010) was used to propose a network that likely models the observations found in the data (Sladeczec, J., Hartemink, A., & Robinsion, J., 2005). This program uses various search algorithms to propose a  BN structure based off the data provided. The proposed structure is then given a BDe score which is a reflection of the likelihood of observing the data provided given the proposed structure. The BDe score is calculated by {?} and penalizes overly complicated graphs. 	Comment by Lauren San Diego: Should I elaborate on this more? If so, what reference paper should I use? 
BaNJO searches other BN structures by adding or removing parent nodes or reversing parent/ child relationships. The BDe score is used to compare proposed structures. In this study, Simulated Annealing search strategy was used. Using the Simulated Annealing algorithm, BaNJO accepts the proposed network with a higher BDe score but will sometimes accept a proposed network with a lower score given a specified probability (Sladeczec, J., Hartemink, A., & Robinsion, J., 2005). 
When BaNJO has finished testing all possible structures or runs out of time allotted to find structures, it reports on the structure with the highest BDe score found. In this study, BaNJO was given 1 hour, 2 hours, 4 hours, and 8 hours to search for structures in 3 different computers. The resulting graph does not guarantee that the proposed final BN structure is the structure with the highest probability of observing the data. BaNJO can provide multiple structures with strong likelihoods, but it may not always provide a consistent structure because there are many structures with strong likelihoods. The direction of the arcs in output structures do not guarantee causal connections but do show influence between nodes (Version 2.2; Hartemink, A., 2010). Background knowledge on the structure and its parameters must be used to determine a causal model.  	Comment by Lauren San Diego: how do I describe "temperature"? 
Bayesian Networks Analysis: 
The Markov Blanket (MB) of a node consists of its parents, children, and other parents of its children. The MB provides a structure that demonstrates the variables that directly influence and are affected by the node of interest. The parent nodes provide information on what variables directly influence a node of interest. Nodes further away from the parents (grand- and great-grandparent nodes) still have influence on the node of interest, but to a lesser degree the further away they are from the node of interest. Children nodes show the variables that are directly dependent on the node of interest. In order to have a full understanding of how the children nodes are influenced, parents other than the node of interest (co-parents) must be included (Pellet and Elisseff, 2008). 
The MB makes all other nodes in the structure conditionally independent from the node of interest (Fu and Desmarais, 2010; Pellet and Elisseff, 2008). The MB helps identify important variables and features in a structure by removing the variables that do not predict the cause and effects of the node of interest very well (Fu and Desmarais, 2010). In this study the first and second degree MB of the Alzheimer node was used to find significant genes. 	Comment by Lauren San Diego: Should I elaborate on what nodes count in the 2nd degree MB?
Figure 4: Example of the 1° and 2° Markov Blanket for Alzheimer
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Influence scores were determined Influence scores in BNs have been specifically developed to help determine the regulatory relationships among variables from gene expression data. They utilize the conditional probabilities that make up a BN into a number that describes the weight of the relationship between the node and its parent. Higher positive scores signify that the parent node of a gene is a strong activator of the gene. More negative scores denote that the parent node is a strong repressor of the gene. An influence score near zero indicates that it was difficult to determine whether the parent node of a gene acts as an activator or repressor (Yu et al., 2014).
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