VISION AND GOALS
     Domestically produced liquid biofuels represent a renewable alternative to petroleum energy. A large-scale move to sustainable biofuel production is expected to result in a decrease in greenhouse gas emissions, an easing of international competition for energy supplies, and a strengthening of national, state, and local economies [1]. Due to the increasing demand in industrializing nations, the utilization of liquid fuels for transportation is projected to remain constant over the next twenty years with gasoline, diesel, and jet fuel comprising nearly 90% of the demand [5]. The greatly minimized acreage estimates, high lipid content and growth rate, and more efficient CO2 sequestration capacity of photosynthetic microorganisms suggest that biofuels derived from cyanobacteria may circumvent many of sustainability and economic limitations recently ascribed to petroleum and plant-based biofuels [6-10]. 
     
Goal, objectives, and outcomes. Genetic modification of microorganisms will is a requirement for economically competitive production of advanced biofuels. Yet there is little knowledge on how these modifications fundamentally affect important fluxes in cells and there are no well established systems-based models or framework for predicting how genetic manipulations will impact the complete gene expression and metabolite production in microorganisms. The overall goal of this proposed research is to develop, apply, and verify computational gene networks and gene-metabolite predictive models to enhance the production of advanced liquid biofuels. Specific research objectives include the following:

Objective 1. Characterize cyanobacteria gene and metabolite expression associated with different modes of biofuel and chemical production.
     This objective serves to supply fundamental data to downstream gene-metabolite modeling verification tasks. First, we will compile all pre-existing transcriptomic and metabolomic data sets for the cyanobacterium Synechococcus elongatus PCC 7942, henceforth called S. elongatus, and closely related species (Task 2-1). Next, experiments will be conducted to produce large quantities of transcriptomic and metabolomic data for S. elongatus wild-type and mutant strains grown under a variety of conditions that impact photosynthesis efficiency and biofuel metabolite production (Task 2-2). The major outcome of Objective 2 is the production of fundamental cyanobacteria transcriptomic and metabolomic data from which to produce predictability between gene expression and metabolite (biofuel) production. 

Objective 2. Perform gene network analyses and develop computational models that connect S. elongatus genetics to biofuel and chemical production. 
     Objective 3 focuses on bioinformatic-based data processing and computational predictive model building. In Task 3-1 we will convert transcriptome sequencing data into gene expression data. Processed gene expression data and metabolite results will then be used to construct gene expression networks (Task 3-2) and to build, apply and validate a range of predictive models that link gene expression with biofuel or chemical production (Task 3-3). The major outcomes of Objective 3 include the production, application, and testing of predictive gene-metabolite models that will act as the basis for the design, development, and optimization of a cyanobacteria photosynthetic biorefinery platform.	Comment by Gang Fang: Please confirm this is good

[[MG(1mar): Get rid of mage]]Objective 3. Construct and apply Multiplexed Automated Genome Engineering (MAGE) techniques to S. elongatus to produce mutants with improved biofuel and chemical production metrics. 	Comment by Jordan Peccia: Farren, please edit to removed the development of phage. Ok to include a little about whatever method you want to use for genetic modifications.  If MAGE is to be used, we will need to have some formal relationship with the lab (Church lab?) either with them as a consultant or at least a letter saying we can use their MAGE-enabled organism. We also need to know what organism this is ASAP so this can be included in the other parts of the proposal.
     To produce a photosynthetic platform that is rapidly amenable to broad genome engineering approaches, we will develop advanced genome engineering technologies for S. elongatus (Task 4-1). MAGE significantly improves upon the current paradigm of genetic engineering—where serial manipulations are made in single genes—by simultaneously targeting many locations on the chromosome for modification in a single cell or across a population of cells, thus producing combinatorial genomic diversity. Based on a circular approach that uses insights from growth studies and metabolite measurements, results from computational gene prediction models, and ELSI/LCA guidance, we will use the MAGE-enabled S. elongatus platform to optimize photosynthesis under different irradiance levels and inorganic carbon concentrations, and to improve alkane and fatty alcohol production and excretion (Task 4-2). Our circular approach allows for validating predictive models and provides a framework to understand and improve mutant strain performance. Although the production of successful mutant strains is an important goal, the major outcome of Objective 4 is the development and testing of a flexible, photosynthetic, MAGE-based genome-engineering platform for biofuel and chemical production. The photosynthetic biorefinery platform is defined here as the MAGE-enabled S. elongatus.   
     There are two unique and potentially transformative facets to this research. First, we will develop a photosynthetic microbial platform that is amenable to multiplexed, automated genome-wide modifications, which greatly speeds and expands our ability to build robust mutant strains. Second, this platform is supported and bolstered by comprehensive omics analysis, computational gene/metabolite models and the integration ELSI/LCA to enable the rational design and testing of genetic modifications. Our intention is to produce a MAGE-based S. elongatus platform that is robust, predictable, readily mutable, and versatile enough to fulfill a variety of requirements for at-scale biorefineries. 
     
Rationale for using cyanobacteria. The phylum Cyanobacteria contains the largest and most widely distributed group of phototrophic bacteria. They combine the photosynthetic capabilities of higher plants with the relative genetic simplicity of bacteria. Diazotrophic cyanobacteria are remarkable in that they are capable of producing fixed carbon and fixed nitrogen from the abundant resources CO2, N2, and sunlight. Globally, cyanobacteria fix up to 50% of the carbon present in marine ecosystems [15, 16]. This ecological importance has led to a significant fundamental research focus on these organisms. Currently, there are greater than 50 published genome sequences for cyanobacteria species and archived microarray gene expression data is available in model cyanobacteria species [17, 18].  
[image: ]     Cyanobacteria are also noteworthy for their capability to produce a diverse suite of reduced organic metabolites that may constitute useful biofuels or biofuel precursor compounds. Cyanobacteria that are exposed to dark anoxic conditions can ferment endogenous stored carbohydrates to form H2, formate, acetate, and ethanol [19, 20]. Genetic engineering efforts to impart or improve ethanol, isoprene, and 1-butanol biosynthesis in Synechococcus and Synechocystis spp. have previously been described [21-23]. Recently it has been observed that a variety of cyanobacteria can transform fatty acid synthesis products to medium chain-length alkanes (Figure 1). Up to 80% of these alkanes produced in cyanobacteria may be transported outside of the cell. Alkane production in cyanobacteria is believed to proceed when intermediates of fatty acid metabolism (fatty acyl-ACP) are converted to fatty aldehyde by an acyl-ACP reductase, and the fatty aldehyde is converted to an alkane by aldehyde decarbonyalase [2]. Recent genetic modifications have resulted in improvements in alkane and fatty alcohol production and in the excretion of free fatty acids into growth media [24, 25]. The utilization of cyanobacteria may also improve the sustainability metrics of microbial biofuels over currently considered microalgae-triacylglycerol or plant-based fuels. With similar photosynthetic efficiency metrics, fuels derived from cyanobacteria are likely to share the favorable land use life cycle metrics that have been ascribed to microalgae [10, 26]. For example, carbon footprints recently estimated for the cyanobacteria-based Algenol® process are 67% to 87% lower than those of petroleum-based gasoline [27]. Advantages of directly excreting hydrocarbons include the removal or simplification of complex processing steps. These steps, which have included cell harvesting, cell lysis and fatty acid separation are important drivers of energy costs associated with microalgae biofuels [26, 28]. Although bioenergetically costly, many Cyanobacteria spp. can fix nitrogen [16], thus alleviating the need to produce and supply external nitrogen. Nitrogen production and supply is also a significant energy and green house gas emission burden that has been previously ascribed to photosynthetic biofuels [26]. Photosynthetic microorganisms also produce a diverse array of commodity and specialty chemicals including protein, pharmaceuticals, and nutraceuticals [11-13]. Both current practice and economic analysis demonstrate the feasibility of a positive internal rate of return for photosynthetic fuel operations provided that these commodity and high value chemicals are included in the biorefinery production model [14].Figure 1. Proposed pathways for the conversion of fatty acid metabolites to alkanes in cyanobacteria, figure adapted from [2]. 


     The strain of cyanobacteria chosen for this project, Synechococcus elongatus PCC 7942 exemplifies the benefits of cyanobacteria. Synechococcus spp. flourish in environments with variable salinity [29], thus reducing the requirement for utilizing freshwater in large-scale biofuel production schemes. Criteria used to select this species included the rapid growth rate (relative to other cyanobacteria), the ability to fix nitrogen, the documented production of metabolites that are biofuels or precursors to biofuels, the ability to grow in marine and freshwater systems, an abundance of genetic information and genome sequence, and demonstrated ability to be genetically manipulated [2, 16, 20, 30-33]. In particular, recent efforts to genetically manipulate S. elongatus PCC 7942 and closely related cyanobacteria provide several initial approaches to biofuel production that can be utilized in making mutants that for objective 1 and 2 systems testing [22, 24, 34]. 
      

APPROACH AND METHODOLOGY  
[image: ]      Figure 2 demonstrates our circular research approach. This research effort will start with the production of transcriptomic and metabolomics datasets for S. elongatus wild-type and mutant strains cultured under an extensive list of conditions that cause targeted and general perturbations in metabolite production and gene expression (Tasks 1-2).  Raw transcriptome sequencing data will then be processed (Task 3-1) and entered into gene network models to build associations between genes and metabolites (Task 3-2). A suite of linear predictive models will also be utilized to provide a computational method to estimate metabolite production based on gene presence and expression (Task 3-3). To manipulate and mutate gene pathways and genomes based on results from these computational models, multiplexed automated genome engineering platform will be developed within S. elongatus (Task 4-1). Mutant strain production (Task 4-2) will be guided by insights from growth studies and metabolite measurements, results from computational gene prediction models, guidance from ELSI and LCA studies, and pathway data and approaches available in the literature. Figure 2. Schematic representing the team’s research approach. The circular process allows for the rational production of mutant strains, and the verification, testing, and improvement of these mutants.


     Rather than a set of linear steps, our approach will be circular, where mutant strains will be cultured and tested for biofuel production and other phenotypic characteristics in subsequent cycles of Figure 2. In each cycle, transcriptomic and metabolomic data will be produced, the gene network and predictive gene models will be applied and validated, and the results will be used to understand the impacts of the prior mutation(s). Additional cycles may be required to fully test and validate computational gene-metabolite models and optimize biofuel and chemical production. In support of our approach, a description of key personnel involved, a detailed project and data management plan including timelines, and a means of sharing outcomes statement is located in this proposal’s supplementary documents. 


Objective 1. Build Omics Datasets

Task 1-1. Compile all pre-existing genomic, transcriptomic, proteomic, and metabolomic data sets. As a preparatory step, we will compile relevant omics data previously determined for S. elongatus PCC 7942 and closely related species. We anticipate that much of this prior information can be incorporated into the gene network and gene prediction models that are the topic of Objective 2. Cyanobacteria-specific gene information resources that will be considered include but are not limited to: CyanoBase (http://genome.kazusa.or.jp/cyanobase) for genome sequences and gene annotation; ArrayExpress (http://www.ebi.ac.uk/arrayexpress/) for Synechococcus, Synechocistis, Prochlorococcus, and Cyanothece expression microarray data; Gene Expression Omnibus (http://www.ncbi.nlm.nih.gov/geo/) for Synechocystis, Synechococcus, Anabaena, Prochlorococcus, Nostoc, and Rhodopseudomonas microarray gene expression data; CYORF (http://cyano.genome.ad.jp/) gene annotation database; and CyBib (http://www-cyanosite.bio.purdue.edu/cybib/cybibhome.html)  bibliographic database for scientific cyanobacteria  literature.   

Task 1-2. Produce transcriptomic and metabolomic data for S. elongatus grown under a variety of conditions relevant to biofuel production. The purpose of this major task is to produce extensive, targeted, RNA-seq gene expression and metabolomics information for S. elongatus. The emphasis will be in providing data for the Objective 2 network and computational model development. The approaches described in this task will also be applied to Objective 3 MAGE-produced mutant strains to enable testing and validation of gene-metabolite computational models and to provide fundamental insights into the gene functionality of MAGE-produced mutant strains. 
     Experiments to explore gene expression and metabolite production. Sequence-based transcriptional data will be produced by culturing wild-type and mutant S. elongatus under a variety of conditions for manipulating their phenotypic characteristics, with an emphasis on impacting lipid, hydrocarbon or other biofuel content and exploring how light and CO2 limitations affect photosynthesis. An initial list of the conditions and mutant strains is provided in Table 1. The mutant strains will be produced by the coPI Issacs lab as required but may also be obtained from the original investigators when available. The Peccia lab is well suited for performing Task 1-2, with significant experience in bioprocess engineering [42-50], and current transcriptome sequencing projects in oleaginous microalgae [3, 51, 52]. 	Comment by Jordan Peccia: Jordan needs to develop a specific approach for what genetic manipulations will be made. Approach should include fundamentals:

CO2
Light
Lipids/excretion
Fuel types (ethanol/butanol)



Table 1. Preliminary list of conditions to be used to perturb S. elongatus metabolite production and gene expression.
	Condition or perturbation
	Hypothesis
	Reference

	Nitrogen deprivation
	Enhances production and storage on intracellular lipids and starches in cells. In nitrogen fixing cyanobacteria, N deprivation induces nitrogen fixation
	[53]

	Variable light conditions
	Under high irradiance, excess electrons are shuttled to build lipids and starches, also provides expression information under light limited photosynthesis
	[53]

	Growth in the presence of fixed organic carbon
	Photosynthetic growth in the presence of carbohydrates or lipids allows for the more efficient production of reduced organic metabolites. 
	[16]

	Growth under different forms and concentrations of inorganic carbon
	Some strains of cyanobacteria utilize HCO3−  or active CO2 transport to facilitate CO2 fixation at low dissolved inorganic carbon concentrations. Such activity has significant energetic and metabolic costs. 
	[54]

	Anaerobic growth
	Induce fermentation of stored intracellular carbohydrates. Fermentation products include H2, acetate, lactate, formate, and ethanol.
	[20]

	Other growth factors
	The composition of the photosynthetic apparatus of cyanobacteria is affected by environmental factors such as temperature, irradiance, and CO2 concentration; hence these factors also influence the relative cellular pigment content, and the associated isoprenoid pathways.
	[55]

	Introduction of thioesterase into growth media
	Thioesterases hydrolyze fatty acyl-ACP’s, which inhibit/control the rate of fatty acid synthesis in cells
	[56]

	Mutant stain
	Over-expression of fatty acyl-CoA reductase to increase conversion of fatty acid metabolites to alkanes.
	[2, 57]

	Mutant strain
	Over expression of acetyl coA carboxylase (the committed step for de novo fatty acid synthesis) to increase fatty acid metabolite content. 
	[57]

	Mutant strain
	Knocked out fatty acyl-CoA synthase gene (which encodes for the acyl-ACPs that inhibit fatty acid production)
	[58]



     Quantitative transcriptomics. The transcriptome (set of all expressed genes in a cell) will be sequenced for S. elongatus under the above conditions. While reactor environmental conditions will vary with each growth experiment, a base-case reactor set-up includes growing pure cultures in triplicate 1.8 liter sequencing batch reactors using minimal media, typically BG-11 [59]. Reactors will be maintained at 23°C, with an 1% v/v CO2 gas flow rate of 0.5 L gas L-1 culture min-1 and a light intensity at the reactor surface corresponding to 100 μmol/sec-m2. The work will mostly include operation in a batch or sequencing batch mode, but will also consider completely mixed flow through modes (i.e. chemostat) in cases where continuous growth rates and steady state behavior is desired. Cells will be exposed to 12-hour light-dark cycles in accordance with the well documented circadian rhythms of Synechococcus spp. [30]. Growth will be monitored by optical density (OD) at 750 nm, by total cell count using direct microscopy, and by gravimetric analysis of cells. Temperature, pH, nutrient content will be continuously monitored in each of the growth scenarios. Nitrate, orthophosphate and bicarbonate/carbonate will be measured by ion chromatography.
     Illumina high throughput DNA sequencing technology (Illumina Inc., San Diego, CA) will be used to sequence the transcriptomes of wild-type and mutant strains of S. elongatus. Through multiplexing, funds are budgeted for up to 100 whole transcriptome sequencing runs including biological replicate analysis and controls. Total RNA will be extracted and mRNA will be isolated from ribosomal subunit RNA using the MICROBExpress Bacterial mRNA Enrichment Kit (Ambio, Austin, TX). The mRNA will then be submitted to the Yale Center for Genome Analysis for cDNA synthesis, library preparations and quality confirmation before sequencing on the Illumina Genome Analyzer IIx (100 nt read, paired end protocol). Figure 3 demonstrates a typical transcriptome sequencing experiment from the PI’s lab including growth curves, environmental stress, metabolite measurements, and gene expression analysis. 
[image: ]Figure 3.  General framework for transcriptomic experiments including (A) growth curves under specified conditions (nitrogen deprivation in this case); (B) monitoring of inorganic nitrogen content; (C) key metabolite measurement (in this case total lipids and fatty acid methyl esters (FAME)); and (D) the production and analysis of overall and specific gene expression data.   Data is from represents the de novo transcriptome sequencing of Neochloris oleoabundans [3].



      
     Metabolite analysis. A variety of metabolites will be measured and include but are not limited to biofuel compounds (e.g. alkanes, ethanol, H2), carbohydrate and starch storage molecules, products of fermentation (e.g. acetate, lactate), lipids and pigments (e.g. fatty acid methyl esters, sterols, terpenoids), and pathway intermediates (e.g. fatty acid acyl-ACP, ATP, NADH). We will apply a three-tiered approach to metabolite measurement. First, for all growth experiments (including different time intervals), total lipid, total protein, and total carbohydrate concentrations will be measured using previously described standard methods [60-62]. Second, specific analyses that are relevant to the growth experiments being conducted (Table 1) and include the measurement of significant products or metabolites that are relevant to the growth condition or hypothesis (i.e. alkanes, ethanol, fatty acid intermediates such as fatty aldehydes or fatty acyl-ACP). Finally, our previous experience indicates the importance of archiving each sample (or rerunning experiments) so that metabolites can be measured retrospectively with the hindsight generated by transcriptomic data analysis. All metabolites will be reported in relevant units, typically mass of metabolite per total dry cell mass, and also as mass or mass fraction per unit time. Within the Yale team’s labs significant analytical equipment is available to this project including inductively coupled plasma-mass spectrometry (ICP-MS), gas chromatography-mass spectrometry (GC-MS), liquid chromatography-mass spectrometry (LC-MS) and nuclear magnetic resonance spectroscopy (NMR), as well as significant expertise in lipid fractionation and biofuels analysis [63-65]. 	Comment by Jordan Peccia: Also consider west campus?
 
     
Objective 2. Develop Computational Models

Task 2-1. Convert transcriptome sequencing data into gene expression data. To process sequence data into gene expression data, transcriptome reads will be mapped to the annotated genome of S. elongatus. The Gerstein lab has developed a number of tools and methods for managing and analyzing large-scale RNA sequencing data [70] and will apply these tools to calculate gene expression values, generate signal tracks of mapped reads, and segment that signal into actively transcribed regions. Our work in tool development resulted in the release of RSEQtools and introduced the Mapped Read Format (MRF) for providing information on RNA sequencing data in a compact form to remove some of the difficulties inherit in large RNA sequencing datasets. Additionally, FusionSeq is a computational framework to detect fusion transcripts from paired-end RNA-Seq data, based on MRF [71]. IQSeq is a statistical method developed as a solution for reconstructing the abundances of isoforms of a gene also known as isoform quantification [72]. Finally, we have also developed the aggregation and correlation toolbox (ACT) for the analysis of genome tracks including RNA sequencing data [73]. This toolbox facilitates aggregation, correlation, and saturation of genomic tracks in a single interface. [[MG(1mar): shorten but keep rnaseq refs]]	Comment by Gang Fang: This is all about Eukaryotic organisms, and cyanobacteria may have single nucleotide level resolutions (not RPKM). So I think it is good to shrink this significantly. 

Task 2-2. Use gene expression data to construct gene expression networks. Beyond simply determining which genes are differentially expressed for a set of experimental conditions, genes will be clustered into co-expression networks based on expression profiles providing evidence for relationships between genes. We have developed methods for constructing these networks and finding gene modules consisting of related genes from this network. In particular, using a spectral bi-clustering method on gene expression data, we will co-cluster genes and conditions to infer connections between gene expression and cell phenotype [74]. Using gene expression data from deletion strains of Escherichia coli and Saccharomyces cerevisiae and perturbation data from these same species, we have previously created a predictive model of gene regulation by combining a machine learning method and a differential equation based model [75]. 	Comment by Gang Fang: Fit the theme well. Don’t edit 
     Using the above methods that we have developed, we will cluster the gene expression data produced under different growth conditions into modules. We will also use other clustering methods including Weighted Gene Co-Expression Network Analysis (WGCNA) [76] and others [77] to accomplish this goal [image: ]and choose the combination of methods which perform the best. We will map metabolic pathways and modules to these clusters, and identify a list of candidate gene modules associated with biological processes underlying biofuel metabolite production and photosynthesis optimization under different experimental conditions [4] (see Figure 4). Metabolic pathway information will be based on KEGG (http://www.genome.jp/kegg/) and Biocyc (http://biocyc.org/). 	Comment by Gang Fang: Functional module identification integrated with metabolome, fitted with the topic well. Language shrink, no need to edit content.
     The primary purpose of Task 3-2 is to identify the causative genes or modules involved in the production of biofuel metabolites. To reveal connection between gene expression and metabolite profiles, we will use “association analysis” [78]. This method works by examining the correlation of sets of genes across a spectrum of metabolite profiles. If the correlation is determined to be significant, we have evidence of the connection of the gene to its metabolite (phenotype).  Figure 5 demonstrates utilization of association analysis in describing the genes associated with hydrocarbon production in fungi. Figure 4. Image demonstrates the strength of the co-variation between gene expression and environmental conditions (yellow strongest to blue weakest). Nodes (balls) symbolize compounds, whereas connecting lines are enzyme encoding genes [4].


     Association analysis works well if there is a one-to-one relationship between a gene and metabolite. For cases where such a one-to-one relationship does not exist, we have used canonical correlation analysis (CCA) based statistical modeling methods to correlate environmental conditions with metabolic pathway function [4]. In the research depicted in Figure 5, a collection of weighted pathways that co-varies with a combination of environmental variables (termed a ‘metabolic footprint’) was defined. This research provided insight into how network dynamics relate to environmental conditions. 
     We also developed the CRIT framework [78] which goes a step beyond CCA and introduced the concept of a ‘cross pattern’ for data integration across heterogeneous datasets. This method improves on traditional data integration methods by preserving the underlying structure of the datasets and doing so without relying on a single index for querying the data. We will leverage these two methods (CCA and CRIT) to detect relationships between gene/modules and metabolites. [[MG(1mar): keep.. wcgna & func module]]
[image: ]

Figure 5. Method for the identification of genes responsible for the production of VOC’s using GCMS-based metabolomics and RNA-seq (adapted from Gianoulis, Griffin and Spakowicz et al. Fig 3 [78]). In panel 1, GCMS traces are collected for three different experiments that show different compound production. The presence or absence of these compounds is then built into a character matrix, as shown in panel 2. Whether or not compounds occur together can be used to infer pathway trajectories using algorithms designed for phylogenetic analysis, shown in panel 3. Genes that correlate with the observation of each product can then be assigned to reactions in the pathways through genetic experiments such as heterologous expression (panel 4). 

Task 2-3. Build and apply linear predictive models to link gene expression with metabolites. Through the grouping of genes and their biofuel-relevant products and metabolites, we will then build linear, predictive models which can reliably connect gene expression levels with biofuel-relevant metabolite production using machine learning techniques, e.g. ridge regression and support vector machine [79]. Specifically, we will measure the expression levels of all genes and the metabolite production rates under a number of different conditions. We will then use machine-learning models to fit the relationship between expression levels of genes and metabolite production efficiency. Lastly, we will use this model to select genes that are most predictive of the metabolite production. These genes will represent the key factors and bottlenecks in hydrocarbon or other biofuel metabolite production pathways and are important targets for further improving metabolite production through genomic engineering technologies. Moreover, the predictive models can also be use to understand the effect of gene-gene interactions on metabolite production. We expect to obtain many new hypotheses from these models that will direct future research on metabolite production, photosynthesis optimization in cyanobacteria, and inform genome engineering. Similar technology has proven to be useful in revealing the biochemical mechanisms of variation in biomolecule syntheses [80].  All of these techniques will help to provide us with a better understating of the regulation and interaction among S. elongatus metabolic pathways and provide tremendous insights into photosynthesis optimization and alkane production improvement. 	Comment by Gang Fang: Predictive modeling. This section can be shortened. 
     Modeling extensions. While the core of our approach will be building a simple linear or support vector regression model, we will also try extensions to our models. We can model the relationship between gene expression levels and metabolite production using control theory. The input to the system represented by the perturbations to gene expression levels generates an output represented by the cell’s metabolite production. Following this model, we will be able to use optimal control theory to study how perturbing gene expression levels can lead to the desired output; e.g., to maximize biofuel-relevant metabolite production. The Markov Decision Process (MDP) [81], for example, can be used to formulate the system perturbations resulting in changes in gene expression levels affecting metabolite production. In this formulation, the metabolite production at a certain time depends not only on the previous output but also the perturbations to gene expression at this time. We can propose a cost function based on constraints such as time or energy that we want to optimize to achieve the desired metabolite production levels in the MDP.  Dynamic programming is typically used to solve the MDP. When the data of gene expression is large-scale or has a high dimensionality such that the parameters of MDP are difficult to estimate, reinforcement learning [82] (a sub-area of machine learning) can be applied to learn the optimal perturbations to achieve the desired metabolite production levels.
     Finally, using the Multiplexed Automated Genome Engineering (MAGE) technology (see Objective 4), we will be able to move a gene module into S. elongatus, and then exhaustively mutate the module. Approaches (also describe in Objective 4) will focus on increasing the alkane and fatty alkane production [24], enhancing fatty acid excretion [25], and optimizing photosynthesis under different inorganic carbon and light conditions via ATP/NAHD modulation through control of alternate electron flow pathways [83]. We will then perform RNA sequencing on the mutant. Studying the gene expression levels of the mutants will enable a limited form of expression quantitative trait loci analysis (eQTL) where we relate the sequence variant to the gene’s expression. We will adapt the eQTL formalism  [84, 85] for our analysis of the mutant strains and will be able to connect a large number of sequence variants (produced using MAGE) to changes in gene expression. This will greatly enhance our understanding of cyanobacteria’s overall regulatory system, and ties directly into our goal of connecting genotype to phenotype. [[MG(1mar): shorten predictive models, get rid of yeast refs. get rid of MAGE , get rid of EQTL]]

Objective 3.  Construct and apply Multiplexed Automated Genome Engineering (MAGE)	Comment by Jordan Peccia: Farren, 

Can you please edit this objective as appropriate. Remove MAGE development and include information on the development and testing of mutants. Should be around 2 to 3 pages. Note that in the body of the email, there is a short description of the approach I’m suggesting for choosing genetic modifications. Please follow this approach in your write up   - although I’m happy to discuss any changes in the approach that you think appropriate.

Could you also include a paragraph or so outlining the rationale for why a systems approach can make genetic modifications more efficient and robust 
     
     With the advent of next-generation DNA sequencing, our ability to read genomes has greatly outpaced our ability to modify genomes. Recombineering is a method of in vivo genetic engineering based on homologous recombination that has been used to mutate, delete and insert double-stranded (ds) and single-stranded (ss) DNA [86]. In E. coli, recombineering is mediated by the Phage -Red system and RecET system [86]. While these and other genetic engineering and directed mutagenesis methods have created genetic variants with usefully altered phenotypes [87-91], these methods are limited to laborious and serial manipulation of single genes and are not used for parallel and continuous directed evolution of gene networks or genomes. In a recent example, Dupont-Genencor used traditional techniques to engineer an E. coli strain that utilizes glycerol and sugar to produce (at 90% of theoretical yield) the industrially useful compound 1,3-propanediol (PDO). Dupont’s Bio- PDO™ is used in Sorona™ polymers and is estimated to use 40% less energy and emit 20% less greenhouse gas than its petroleum-based counterpart.  However, this effort, which only required 26 genetic mutations, utilized over $400M and a decade of R&D [92]. Similar resources were employed to produce the antimalarial drug artemisinin in E. coli and yeast [93]. While these efforts have successfully harnessed the richness of biology to solve real-world problems, they relied on traditional genetic engineering methods. Thus, one of the key enabling cellular engineering challenges is the development of high-throughput and automated methodologies to rapidly and efficiently make site-specific (bp) and genome-scale (MB+) genetic changes.  
[image: ]     To address these challenges, the Isaacs Lab develops new approaches that integrate synthetic DNA and recombination methods to introduce genome-wide changes dynamically in living cells, thereby engineering the genome through viable intermediates [94, 95]. Co-PI Farren Isaacs recently pioneered the development of two complementary methods for versatile genome modification and evolution in E. coli. Multiplex automated genome engineering (MAGE) simultaneously targets many locations on the chromosome for modification in a single cell or across a population of cells, thus producing combinatorial genomic diversity (Figure 8) [94]. MAGE utilizes the -Red ssDNA-binding protein  to introduce ssDNA (oligos) at the lagging strand of the replication fork during DNA replication [96]. Figure 8. Multiplex automated genome engineering (MAGE) enables the rapid and continuous generation of sequence diversity at many targeted chromosomal locations across a large population of cells through the repeated introduction of synthetic DNA. Each cell contains a different set of mutations, producing a heterogeneous population of rich diversity (denoted by distinct chromosomes in different cells). Degenerate oligo pools that target specific genomic positions enable the generation of a diverse set of sequences at each chromosomal location.

     In a recent study, a genome-wide codon replacement of E. coli was performed via the integration of MAGE [95].  In another study, MAGE was used to introduce combinatorial genetic diversity across a whole population to optimize the 1-deoxy-D-xylulose- 5-phosphate (DXP) biosynthesis pathway in E. coli to overproduce the industrially important isoprenoid, lycopene [94].  By creating 4.3+ billion combinatorial genomic variants/day, strains were isolated with more than five-fold increase in lycopene production in 3 days, a major improvement over existing metabolic engineering techniques [94].  MAGE overcomes the challenge of predicting the optimal set of genetic modifications across biosynthesis pathways to obtain a desired behavior. Objective 4 of this proposal seeks to build on these genome engineering advances by pursuing two main tasks to create new biological functions relevant to biofuels production. These include (Task 4-1) develop MAGE technologies in the cyanobacterium S. elongatus and (Task 4-2) develop integrated genome refinement-analysis platform (iGRAP) to experimentally mutagenize, test and validate microbial systems in S. elongatus.

Task 4-1:  Develop advanced genome engineering (MAGE) technologies in S. elongatus. As a co-inventor of the MAGE technology in E. coli [94] , Farren Isaacs will lead the development of advanced genome engineering technologies in S. elongatus and the Peccia Lab will provide expertise in cyanobacteria growth and process engineering.  
[image: ]     Research Design. For producing MAGE competent S. elongatus, we will implement a strategy similar to the one that was successfully developed in E. coli. This strategy will be pursued across four key foci in a set of parallel experiments. 
     1. Optimization of synthetic oligonucleotides for efficient genome modification: Building on the success of our recent genome engineering technologies in E. coli [94, 95], we will develop a high-throughput method of introducing many targeted genetic mutations across the S. elongatus genome. Given that DNA replication (i.e., lagging strand synthesis) is highly conserved across species, we anticipate the successful and efficient incorporation of oligos at high efficiencies like those in E. coli (10-30%). We will introduce site-specific mutations directly into the genome by incorporation of mutagenic oligonucleotides at the lagging strand of the replication fork during DNA synthesis  (Figure 9). In prior work [94, 97], we showed significantly enhanced oligonucleotide incorporation by targeting the lagging strand and introducing modified bases (i.e., phosphorothioate bonds at oligo ends) that incorporate at high efficiencies and prevent in vivo exonuclease activity, respectively. We will pilot the development of these methods using a selection (e.g., kanamycin or streptomycin) or reporter (lacZ gene) genes in a similar fashion to MAGE optimization in E. coli. Once high (>1%) efficiencies have been attained, we will implement these methods directly. Figure 9.  In MAGE, mutagenic oligos bind to ssDNA binding recombinase proteins to introduce various mutations at the lagging strand of the DNA replication fork. 

[image: ]     We will employ an exhaustive set of experiments to quickly converge on optimal conditions of oligonucleotide-based mutagenesis in S. elongatus.  These optimization experiments will test the following parameters: (i) oligonucleotide length (40-100mers), (ii) oligonucleotide modifications (e.g., 5’ phosphorothioate bond modifications), (iii) oligonucleotide concentrations, and (iv) oligonucleotide delivery techniques. Three main delivery techniques will be investigated. First, we will assess the efficiency of oligonucleotide introduction via electroporation methods, which have been shown to be optimal for E. coli MAGE.  Should we confront challenges with electroporation, we plan to pursue two additional strategies.  One strategy will be to transform target gene(s) or whole pathway(s) on a bacterial artificial chromosome such that high efficiency MAGE mutagenesis can be conducted in E. coli and then transferred into S. elongatus through either transformation or conjugation. A third strategy will be based on in vivo oligonucleotide production, which we are currently developing in E. coli. The overall goal of this sub-task is to generate ssDNAs in vivo. Doing so would significantly increase the efficiency and throughput of MAGE. The concept is based on a common viral process that generates DNA molecules in vivo through reverse transcription and processing of a DNA-RNA chimera to produce a ssDNA species that can target the lagging strand for mutagenesis (Figure 10). Inducible promoters regulate transcription across hundreds of sites on the vector, each encoding a different mutagenic oligonucleotide for each genomic locus. A large vector encoding all the ssDNA elements necessary for modifications across multiple genetic loci could be shot into a cell by electroporation or conjugation. This proposed technique provides a modular, scalable and scarless method for generating mutagenic oligos in vivo. Figure 10. 1- RNA transcribed from dsDNA plasmid under control of inducible promoter. 2- Intrinsic terminator folds over to form priming site (exposed 3’-OH). 3- Reverse Transcriptase (RT) synthesizes complementary ssDNA. 4- RT’s RNAse H domain degrades RNA component. 5- Resultant ssDNA (5’-p and 3’-OH termini) anneals to complementary sequence on the lagging strand of the replication fork.

	Recombinase
	Bacterial Source

	 Beta
	E. coli

	EF2132
	E. faecalis

	OrfC
	L. pneumophila

	S065
	V. cholerae

	Plu2935
	P. luminescens

	RecT
	E. coli

	Orf48
	L. monocytogenes

	Orf245
	L. lactis

	GP35
	B. subtilis


     2. Construction of strains with deficiencies in their mismatch repair pathways: In addition to the aforementioned oligo design criteria, it has been previously shown that enhanced incorporation of oligos is achieved in E. coli strains that contain deficiencies in the mismatch repair pathway [97]. The Isaacs Lab will build on this knowledge to develop the optimal strain for MAGE-mediated mutagenesis in S. elongatus.  We will commence this effort in the strains described above to create mutant strains with deletions in genes implicated in mismatch repair (e.g., mutS). We will then conduct a series of parallel oligo-mediated recombination experiments that target lacZ and/or KanR genes across each strain to converge on strains that permit efficient oligo-mediated mutagenesis at the lagging strand of the DNA replication fork.  Table 2. Example recombinase proteins for screening in cyanobacteria.

     3. Isolation of ssDNA binding recombinase proteins that bind mutagenic oligonucleotides: An important requirement for highly efficient (10-30%) oligonucleotide incorporation requires the presence of a ssDNA-binding recombinase protein. In E. coli, the beta protein from lambda red recombination binds to the synthetic oligonucleotide to prevent their degradation and mediate their incorporation at the lagging strand of the replication fork [97]. Similarly, we hypothesize that a homologous ssDNA-binding recombinase protein will be required for efficient oligo-mediated recombination in S. elongatus. Given that other ssDNA-binding protein homologs are functional [98], we will begin this phase of cyanobacteria MAGE development by screening the library of homologs [98] (Table 2) across MMR deletion backgrounds to isolate the correct strain—beta homolog protein combination that yields the highest oligo recombination efficiency. Throughout this process, we will also identify additional ssDNA binding protein (e.g., SSB from cyanobacteria phages) candidates for testing and optimization.  
     4. Implementation of the MAGE methodology through continuous cycles of recombination: Lastly, an important aspect of the MAGE technology is the cyclical methodology that was developed for E. coli, which is used to generate parallel and continuous genome modifications.  We will apply this MAGE methodology to develop an analogous method optimized for S. elongatus.
     Timeline and potential problems and alternatives: By design, we will begin experiments across the four foci immediately and in parallel. We anticipate that the four foci will require 2 years to complete.  In years 3 and 4, we plan to integrate insights from the LCA and computational biology model to inform MAGE-based mutagenesis experiments in S. elongatus to improve alkane production and evaluate the predictive models (Task 4-2). We recognize that the development of MAGE in cyanobacteria will be a challenge, and our strategy is designed in anticipation of the challenges.  Careful choice and piloting of top strains and their derivatives (i.e., mismatch repair mutants, recombinase activity) is important.  Moreover, our oligo optimization experiments are carefully designed to explore vast parameter space across the key experimental drivers and mutant strains. We pay particular attention to the challenge of successful introduction of oligos, which justifies our multi-faceted strategy. Finally, we will tailor the MAGE protocol towards growth rates and conditions optimal for cyanobacteria. This includes optimizing a culture-based system to rapidly screen mutant alkane production in microcosm reactor headspaces by gas chromatography, similar to that previously performed in fungal alkane bioprospecting [99]. While we anticipate that this will require modifications to our automation protocols, they are easily programmable and adaptable to cyanobacteria culture conditions and the core advantage of MAGE—the ability to accelerate the rate and number of genetic mutations—will not be compromised.
Task 4-2.  Develop integrated genome refinement-analysis platform to experimentally mutagenize, test and validate re-designed microbial systems in S. elongatus. To efficiently modify an organism towards optimized biofuel and chemical production, understanding mutagenic effects are essential. Given the vast DNA sequence space and complex interactions of biomolecular and metabolic components, there is a significant need for the development of foundational tools to elucidate biological behavior and engineer cells towards biofuel production. This sub-aim seeks to utilize high-throughput genomic, transcriptomic and metabolomic analyses to inform MAGE-based pathway mutagenesis experiments (Figure 11).   Figure 11. Integrated Genome Refinement-Analysis Platform (iGRAP) collects omics-level data sets to build computational models.  These models are used to develop network modules and inform genome engineering experiments to generate targeted mutants optimized for bioenergy production.  Omics data are collected across the top mutant strains to refine the model and cycle through the refinement process.

     Research design: Development of an integrated genomic refinement-analysis platform (iGRAP) will be pursued in two phases. Phase I iGRAP:  Initial development of iGRAP will be pursued in E. coli where our team possesses the collective expertise to begin this effort immediately, in year 1. First, we plan to introduce heterologous alkane producing pathways from S. elongatus. Second, we will obtain baseline physiological measurements by using RNA-Seq to measure transcriptional levels and by obtaining metabolite measurements.  These data will be used to generate metabolite-gene expression models of hydrocarbon production. Guided by model insights, we will identify genetic targets for simultaneous and continuous diversification of the exogenous alkane pathways and native pathways implicated in hydrocarbon production via MAGE.  We will then isolate engineered strains with improved alkane production. After each round of MAGE, we will perform an integrated genome and transcriptome analysis to identify potential drivers of improved alkane production. Our analysis will involve the following basic steps:  (i) identify biological pathways associated with improvements in bioenergy production and the individual genes driving these associations; and (ii) identify mutations acquired at each step of the phenotype optimization process.  We will compare the genotype at each step of the optimization process to identify the pathways enriched for acquired mutations; and (iii) after identifying and ranking the genomic loci, we will design and order oligos to target these loci in the next round of MAGE. At each round of MAGE refinement, we will repeat this analysis and design the next set of targets to maximize hydrocarbon production based on an enhanced understanding of cellular physiology.
     Phase II iGRAP:  In years 3 and 4, we plan to combine our advanced capabilities of genome engineering in S. elongatus (Task 4-1) and iGRAP development in E. coli to directly implement this integrated organism refinement strategy in cyanobacteria. Using the S. elongatus MAGE platform, our efforts will focus on alkane production and photosynthesis optimization through the manipulation of product specific pathways and associated pathways. Alkane production efforts include improvements to volumetric synthesis rates and enhancing excretion mechanisms. While the production and excretion of alkanes in wild-type cyanobacteria is limited, recent studies have demonstrated that overexpression of acyl-ACP synthase in Synechocystis sp. PCC 6803 mutant strain results in a four times increase in fatty alcohols to approximately 60 mg/L [24]. Moreover, evidence from E. coli, and more recently in Synechocystis suggests strategy based on ACP thioesterase mutation to improve the excretion of free fatty acids into growth media [25, 100]. A separate effort will focus on improving the inherent efficiency of photosynthetic and heterotrophic metabolism through efforts—guided by the Objective 3 analyses and considered under a variety of light and inorganic carbon conditions and limitation—to optimize the ATP to NADH ratio through regulation of alternate electron flow pathways [83]. While our approach will be heavily dependent on network model analysis, previous studies point to the five cyclic electron flow pathways involved with PSI as important targets for balancing ATP/NADH ratios to enhance photosynthesis under a variety of light and inorganic carbon conditions [101, 102]. Finally, we note that alkane production was chosen over 1-butanol production due to the inhibition of 1-butanol synthesis in the presence of oxygen [22]. The basis of this proposed research is to produce a platform that is flexible and can be easily modified. Thus, as the need and desire to produce different fuel types arise, the platform produced here is expected to contain the flexibility to efficiently make genetic modifications to produce these new fuels and products.  
     To continually push and improve volumetric production rates, our overall approach is circular (see Figure 2 and Figure 11). Using the S. elongatus MAGE platform, we will be able to mutate S. elongatus based on information and guidance obtained from Objectives 1, 2, and 3. Mutant performance will be input into LCA analyses to determine how the current strain impacts environmental parameters (energy, greenhouse gas, land use and water use). We will then produce transcriptomics and metabolomics on mutant strains, apply the developed network and predictive gene/metabolite models to determine the changes made, and use this information to optimize subsequent rounds of MAGE. 

IMPACT  
     This work will result in the production of a scalable, flexible photosynthetic platform that allows for breaking fundamental barriers associated with genetically modifying photosynthetic bacteria for biofuel production. Our integrated platform and circular approach is designed to overcome a grand challenge facing the engineering of biological systems, that is, the unpredictable behavior of complex regulatory networks. This flexible platform represents significant progress toward the national need for producing low-cost, domestic, CO2 neutral fuels. Both the integration of LCA and ELSI studies into technology development, and the photosynthetic platform that incorporates intensive genetic information, bioinformatics analysis, and a novel method for automated and efficient genome engineering are transformative and represent new paradigms in photosynthetic biofuel development. This work produces strong foundational knowledge on cyanobacteria gene/metabolite data and computational models to guide the novel, molecular-scale development of a MAGE-enabled phototrophic platform (PSBR element 1). The stated initial goals in platform application are to focus on alkane production and excretion, and to improve the efficiency of light and CO2 utilization through a genetic approach to photosynthesis optimization (PSBR element 2). Our overall approach spans the molecular (omics data, computational models, MAGE development, bench (scCO2 extraction and MAGE platform application), and biorefinery scales (ELSI/LCA) (PSBR element 3, see also supplemental documents). Finally, the circular approach creatively integrates full-scale ELSI and LCA considerations into the MAGE-enabled platform design (PSBR element 4), and includes nitrogen, water and land use, energy balances, and greenhouse gas production as quantitative metrics for assessing natural resource utilization (PSBR 5).
     Broader Impacts. 
[bookmark: _GoBack]     To disseminate research to a broader audience, we will engage the public by writing lay and opinion pieces on genetic engineering and bioenergy in prominent national publications—as Greenbaum has done for other projects [36-38] (see Task 1-1). This proposed project also includes plans for serving the broad research community by producing a database of cyanobacteria omics data and computational tools. The Gerstein group has extensive experience building databases, which have been incorporated into larger national resources. Examples include Pseudofam [103], a database of pseudogene families, that has been incorporated into Ensembl browsers, and MolMovDB [104], a database for data and software pertaining to flexibility in protein and RNA structures, which has been linked to the Protein Data Bank (PDB). While databases do exist for consolidating cyanobacteria genome annotation information and for functional characterization tools in cyanobacteria (see Task 2-1), there is a strong need for web-based integrative tools for answering research questions regarding cyanobacteria systems biology. We will construct such a database for performing predictive modeling from the data generated by this project. In this way, other researchers studying cyanobacteria or other organisms with similar biology will be able to leverage our efforts for advancing their own research. Given the trend of bioinformatics resources being deployed in a scalable and fault tolerant infrastructure, we will develop this database for and host it in a cloud-computing environment. We will build our database following the central data models and APIs being developed for the U.S. DOE KBase project. This will allow seamless integration between our database and KBase. This database will include a large amount of novel cyanobacteria data including genomic, transcriptomic and metabolomic data for wild-type and engineered bacterial strains. Finally, the associated predictive models, network data and underlying source code will be made available to allow for cloud-based analysis and to allow for alterations to the methods by researchers via direct code access.[[MG(1mar): make it more kbase , no pfam but you want to refer to tyna]]	Comment by Gang Fang: DB and web service related. May cut	Comment by Jordan Peccia: Mark, should we include the incorporation of this data into Kbase? I think it is a good idea.	Comment by Gang Fang: Kbase-related, Probably good
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