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Abstract
Current methods to create a Bayesian Network (BN) structure rely on either global approaches that attempt to search the the entire direct acyclic graph (DAG) space to maximize the likelihood of the observed data through an exact score-based structure learning algorithm (Acid et al., 2005). This method is inherently an NP hard problem that is exponentially difficult to solve as variables increase. Constraint based or  Or on a local-to-global approach that attempts to reconstruct the global graph based on the connections between local graphs and their independancesindependences  (Pellet et al., 2008). These is algorithms have typically been easier computational but have been shown to create poor structures due issues in the violations of assumptions. A local-to-global algorithm, called graph growing structure learning (GGSL) proposes a significant improvement to both learning accuracy and speed, compared to other local-to-global algorithms (Gao et al., 2017).  The score-based approaches typically involve some use of Markov Chain Monte Carlo (MCMC), or greedy algorithm methods. BiDAG attempts to reduce the NP hard problem to the complexity of a constraint-based approach. 

Verify the veracity of the improvements of GGSL over other modern score-based and constraint based local learning algorithms. GGSL is improved by introducing a constraint based prior knowledge approach to the initial node selection. Analogous to how DNA replicase opens the DNA at hundreds of locations to copy while the Ligase effortlessly binds two duplicated strands. The ability to parallelize structure discovery and minimize the repetition of locally mapped areas has already shown its merits in both nature and existing machine learning algorithms, and could have significant synergism with improvements in graphical processing units. 

Introduction & Background
	Bayesian Networks are a conditional probabilistic approach to mapping interactions in a network. Bayesian Networks have many applications in the health field, that include biomonitoring, that uses chemicals collected from the patient whether that’s from blood or urine in order. Or in System Biology that infers different type of biological networks such as discovering new metabolic pathways. And of course, directly in medicine for preventative and treatment diagnosis, one aspect of both these approaches would be to look at Gene Regulatory Networks. The field of personalized medicine is the culmination of all these approaches, and stands to change our current reactionary mindset that we are health until we are diagnosed, to a more preventative focused approach. 
	













Methods
To accomplish this, we will first need to clean the glioblastoma dataset using Python to download and attach gene names using the platform (GPL) accession number. Further preprocessing that needs to occur is the averaging of values with the same gene name. The normalization and then finally the discretization of the values. Once this happens we can also retrospectively decide if the raw data itself that has already been normalized is affected by these transformations. Using the cleaned glioblastoma dataset, we can implement both BiDAG and the new lab’s algorithm. A comparison of both algorithms will be possible to tease out explicit differences of each algorithm and their limitations. Comparing their GDE score which both should be able to obtain. And when using them on toy datasets will allow for a comparison between the structure similarity to identify which structures more closely resemble the ground truth Bayesian Network Structures.

use the Alarm, and Hailfinder datasets, as these datasets were used in the original GGSL paper, allowing us to verify the results of their paper and the increased performance. As well as attempt to iterate over the existing algorithm by introducing a constrained version of the GGSL that relies on prior knowledge, as defined “as the existence of parent node, absence of parent node, and distribution knowledge including the conditional probability distribution (CPD) of edges and the probability distribution (PD) of all nodes” (Xu et al., 2015). Metrics in order to evaluate the performance of GGSL and constrained GGSL compared to global algorithms such as Constrained Structure Learning (CSL) (Silander & Myllymaki, 2006), and local algorithms such as Score-based Local Learning (SLL) (Niinimaki & Parviainen, 2012). Standardizing for variable size between Alarm (37 variables), and Hailfinder (56) to compute the BN structure in time. As well as compare the structures through a similarity comparison, to identify which structures more closely resemble the ground truth bayesian network structures. 







Timeline

	10/04/18
	Week 7
	Proposal Due

	10/11/18
	Week 8
	Deep dive on constraint learning and GGSL algorithmNew Topic Chosen

	10/18/18
	Week 9
	Literature Review and Sumamry to SMLGImplement GGSL using Alarm

	10/25/18
	Week 10
	Implement CSL using alarm
Begin attempting to merge constraint style methods into GGSL
Evaluate speed of implement, if implementation is difficult reduce to using only Alarm or HailfinderSet up BiDAG to be used on toy datsets

	11/01/18
	Week 11
	Implement SLL using alarm
Continue attempting to merge constraint style methods into GGSLWork on Cleaning the Dataset and post Code to SMLG

	11/08/18
	Week 12
	Implement GGSL, CSL, SLL, using Hailfinder
Continue attempting to merge constraint style methods into GGSLFurther develop on the code to clean the dataset, to incorporate averaging, and normalization. 
Email Dr. Yoo about possible Yellow Light issue
Email Efrain to see what approach he took on yellow light issue. 

	11/15/18
	Week 13 *Thanksgiving Break*
	Implement constraint style method into Alarm and HailfinderPost python version of cleaning code to SMLG and steps on how to use it

	11/22/18
	Week 14
	Implement BiDAG on Clean Dataset
Read through Summary of Lab’s CodeWrite Paper

	11/29/18
	Week 15
	Write Paper – will need to be continued next semester during independent studyWrite Paper

	12/06/18
	Week 16
	Final Exam / Project Due
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