
 

Choose an item. 

 

 

PNNL-34278  

 
 

Generating Co-expression 
Networks for Three 
Cyanobacteria: 
Synechococcus sp. PCC 7942, 
Synechococcus sp. PCC 7002, 
Synechocystis sp. PCC 6803 
May 2023 

David A. Anderson 
Pavlo Bohutskyi 
 
 

 
 

 

Prepared for the U.S. Department of Energy  
under Contract DE-AC05-76RL01830 

  



Choose an item. 

 

DISCLAIMER 

This report was prepared as an account of work sponsored by an agency of the 
United States Government. Neither the United States Government nor any agency 
thereof, nor Battelle Memorial Institute, nor any of their employees, makes any 
warranty, express or implied, or assumes any legal liability or responsibility 
for the accuracy, completeness, or usefulness of any information, apparatus, 
product, or process disclosed, or represents that its use would not infringe 
privately owned rights. Reference herein to any specific commercial product, 
process, or service by trade name, trademark, manufacturer, or otherwise does not 
necessarily constitute or imply its endorsement, recommendation, or favoring by 
the United States Government or any agency thereof, or Battelle Memorial 
Institute. The views and opinions of authors expressed herein do not necessarily 
state or reflect those of the United States Government or any agency thereof. 

 

PACIFIC NORTHWEST NATIONAL LABORATORY 
operated by 
BATTELLE 

for the 
UNITED STATES DEPARTMENT OF ENERGY 

under Contract DE-AC05-76RL01830 

 

Printed in the United States of America 

Available to DOE and DOE contractors from  
the Office of Scientific and Technical Information,  

P.O. Box 62, Oak Ridge, TN 37831-0062  
www.osti.gov  

ph: (865) 576-8401  
fox: (865) 576-5728  

email: reports@osti.gov  
 

Available to the public from the National Technical Information Service  
5301 Shawnee Rd., Alexandria, VA 22312  

ph: (800) 553-NTIS (6847)  
or (703) 605-6000  

email: info@ntis.gov  
Online ordering: http://www.ntis.gov 

 

 
 

http://www.osti.gov/
mailto:reports@osti.gov
mailto:info@ntis.gov
http://www.ntis.gov/


PNNL-34278 

Generating Co-expression Networks for 
Three Cyanobacteria: 
Synechococcus sp. PCC 7942, Synechococcus sp. PCC 7002, 
Synechocystis sp. PCC 6803 

May 2023 

David A. Anderson 
Pavlo Bohutskyi 

Prepared for 
the U.S. Department of Energy 
under Contract DE-AC05-76RL01830 

Pacific Northwest National Laboratory 
Richland, Washington 99354 



1  

  

  

  

   

Generating Co-expression Networks for Three Cyanobacteria: 

Synechococcus sp. PCC 7942, Synechococcus sp. PCC 7002, 

Synechocystis sp. PCC 6803 
David Anderson (2023)  

Abstract  

Cyanobacteria are photosynthetic organisms capable of high growth rate 

and represent a promising bioplatform for harnessing the sun’s energy to make 

biofuel. Additionally, the process of photosynthesis absorbs CO2 from the 

environment. Understanding the metabolic processes involved in photosynthesis 

could lead to solutions to the recent rise of CO2 concentration in Earth’s 

atmosphere and the associated climate change. More research on the 

transcriptional regulation of these cells is needed to learn how to harness the 

untapped potential of cyanobacteria for these applications. Transcriptional 

analysis via RNA-seq provides an understanding of how gene expression changes 

at the mRNA level under diverse growing conditions. I systematically collected 

and analyzed RNA-Seq data obtained under a variety of conditions and available 

on the NCBI database for three cyanobacteria model organisms: Synechococcus 

elongatus sp. PCC 7942, Synechococcus sp. PCC 7002, and Synechocystis sp. PCC 

6803. For each organism, the data was mapped to a reference genome to 

characterize the RNA expression profile. Samples were checked for quality based 

on the number of reads and the correlation of the expression profile between 

labeled replicates. All samples were transformed into transcripts per million 

reads, followed by a log transformation to account for the wide range of sample 

sizes. Gene co-expression networks were generated and analyzed for each 

species using Cytoscape. These networks provide a base level of gene expression 

for each species. The network topology and high-betweeness nodes of these 

networks need to be analyzed further to provide insight on potential ways to 

harness cyanobacteria genetics. Additionally, these datasets can be used 

together to form a core genome network analysis- one that includes only the 

genes that are homologous between the three species. This project has prepared 

the way for a more in-depth study on photosynthetic microbes on a genetic 

level. 
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I. INTRODUCTION  

Cyanobacteria are photosynthetic organisms capable of fast growth and represent a 

promising bio-platform for harnessing the sun’s energy to make biofuel. They have relatively 

simple genomes and can be easily cultured in the laboratory, making them ideal for genetic and 

biochemical analyses. Their photosynthetic capability allows them to absorb CO2 from their 

environment and fix it into a biologically useful chemical, such as the sugar form sucrose.  

 These characteristics make cyanobacteria prime candidates for biotechnical applications. 

Improving our understanding of cyanobacteria gene expression, especially with regards to its 

metabolic pathways, is the next step in using them as a solution to the rise of CO2 concentration 

in our atmosphere as well as to synthesize biofuels at a commercial scale. More research on the 

transcriptional regulation of these cells is needed to learn how to harness the untapped 

potential of cyanobacteria for these applications.  

RNA sequencing, or RNA-Seq, is a widely used method for measuring gene expression 

levels and identifying differentially expressed genes in various biological samples. This 

technique involves the conversion of RNA molecules into complementary DNA (cDNA) 

fragments. These fragments are then sequenced using high-throughput sequencing 

technologies such as Illumina. Transcriptional analysis via RNA-seq provides an understanding of 

how gene expression changes at the mRNA level under diverse growing conditions. It is 

commonly used to examine how cyanobacterial genes respond to perturbations in light/dark 

cycles, added stress conditions, or nutrient-limited media. This paper presents our analysis of 

RNA-Seq data currently available for 3 cyanobacteria species: Synechocystis sp. PCC 6803 

(hereafter PCC 6803), Synechococcus sp. PCC 7002 (hereafter PCC 7002), and Synechococcus 

elongatus sp. PCC 7942 (hereafter PCC 7942). PCC 6803, PCC 7002, and PCC 7942 are each 

considered to be model organisms due to the high amount of completed and continuing 

research being performed with them. Combining data collected world-wide into a single dataset 

for each of these species forms a clearer picture of how they express their genes under a variety 

of growing conditions. 

  

II. METHODS  

A. Data collection   

Samples were found and obtained using the NCBI: Sequence Read Archive (SRA) online, 

open-source database for the 3 cyanobacteria species of interest- PCC 6803,1-39 PCC 7002,40-58 

and PCC 7942.59-77 All bio-projects that contained RNASeq data for S. elongatus- PCC7942 were 

collected. Most were downloaded directly as fastq files, however the few that were unavailable 

in that format were extracted from the database using the “fasterq-dump” command from the 

SRA Toolkit from NCBI. Each sample was then compared to the reference genome (.fastq/.gff) 

file using the Rsubread library78 for the programming language R. The reference sequences 

used: for PCC 6083 it was (GCF_000009725.1_ASM972v1) generated in 2004, for PCC 7002 it 

was (GCF_000019485.1_ASM1948v1) generated in 2008, and for PCC 7942 it was 

(GCF_022984195.1_ASM2298419v1) generated in 2021.  The output from Rsubread is a list of 

counts for each gene in the respective genome.  
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The datasets were then checked for quality. It was determined that samples with too 

few overall counts provided a biased, low-resolution gene expression profile. To increase our 

confidence in our findings from down-stream analysis, samples that mapped less than 105 

counts were removed. I also did a correlation check to mark any samples that had an expression 

profile extremely different from the rest of the samples. I examined the correlation between 

samples that were labeled as biological or technical replicates on the NCBI: SRA run selector. 

Any samples that had a correlation of less than 0.9 with a replicate sample, including samples 

that were not sequenced in replicate, were removed from the dataset. While performing the 

replicate correlation check, adjacent samples that were used to study a time series during a 

perturbation condition were considered as replicates. An exception was made for samples from 

the PCC 6803 project tag "First_Transcriptome" and condition "Kai_dark_11.5h" from project 

tag "kaiABC", and from the PCC 7002 project tag "B12", "ccmRdel", and "Acclimation" (see 

Table 1) since they were a variety of conditions that I wanted to retain in their respective 

datasets. The only identified reason to throw them out was the lack of replicates. The PCC 7942 

dataset used was taken directly from Johnson, et al. (2023)- paper not yet published.  

 

B. Generating networks  

To create the gene co-expression network, I used the Genie3 package79,80 for R on the 

normalized counts. Genie3 uses an “ensemble of trees” approach to compare relative levels of 

gene expression and connect genes that are commonly expressed together. I used the 

FastGreedy algorithm81 to determine cluster grouping (min # = 12). Each network was filtered 

such that all edges below a specified cutoff weight were removed. This simplified the network 

by removing connections between less-associated genes. I could then set the cutoff value 

based on how many edges would be remaining after applying the filter. The networks were 

analyzed using Cytoscape82. Edges and nodes not connected to the main network were 

trimmed. To facilitate further analysis of the networks, the networks selected for further 

analysis were made up of a similar number of edges- about 4,300 edges per network. The 

visualizations of these networks are included here in appendix A as figures 4, 5, and 6. 

 

  

III. RESULTS AND DISCUSSION  

A total of 728 samples covering 250 growth conditions for PCC 6803 were collected from 

the online databases (Table1). Samples with <105 counts tended to be poorly correlated to 

their replicates and other like conditions which could be due to poor quality of the reads 

preventing their mapping to the reference genome. I removed 89 samples for generating less 

than 105 counts and an additional 91 samples that were not available in replicate or were 

poorly correlated to their replicate samples. The final PCC 6803 dataset was made up of 515 

samples. Figure 1 shows a PCA plot of the samples retained in the dataset. 

A total of 269 samples covering 108 growth conditions for PCC 7002 were collected from 

the online databases (Table2). I removed 12 samples for generating less than 105 counts and an 

additional 36 samples that were not available in replicate or were poorly correlated to their 
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replicate samples. The final PCC 7002 dataset was made up of 215 samples. Figure 2 shows a 

PCA plot of the samples retained in the dataset. 

A total of 416 samples covering 238 growth conditions for PCC 7942 were collected from 

the online databases (Table 3). I removed 12 samples for generating less than 105 counts and an 

additional 66 samples that were not available in replicate or were poorly correlated to their 

replicate samples. The final PCC 7942 dataset was made up of 333 samples. Figure 3 shows a 

PCA plot of the samples retained in the dataset. 

Further analysis of these networks is presently underway. 

 

IV. CONCLUSION  

In conclusion, PCC 6803, PCC 7002, and PCC 7942 are a model cyanobacteria with a 

bunch of gene expression data publicly available. I gathered all RNA-seq data available from the 

NCBI: SRA database and performed a quality check to remove samples that might skew 

downstream analysis. I then generated three co-expression networks, one from each 

cyanobacterial species' dataset. An analysis of these networks will help us to understand which 

genes are most important in regulating gene expression. 

A. Future work  

The datasets and corresponding co-expression networks generated for this SULI project 

are under further analysis. The genes with the highest betweenness-centrality are being listed 

and compared. These genes are called "hub genes" and are thought to play important roles in 

the regulation of gene expression. The analysis can include comparing the overall network 

topology: characteristics such as the degree distribution and clustering coefficient among 

others. Understanding the network topology can provide insights into the underlying biological 

processes and functional modules. An iModulon analysis for functional enrichment can be 

performed using the datasets reported in this work. This type analysis will give more context to 

the biological importance of the gene interactions represented in the co-expression networks.  

Additionally, the next aim of this research is to annotate all homologous genes between 

these three cyanobacteria species and merge all three datasets to build a single, core gene co-

expression network that will be more generalizable for cyanobacteria. This network can be used 

to identify conserved biological pathways shared across the different species provide insights 

into the core genetic machinery of cyanobacteria and help identify potential targets for 

biotechnological applications. Conversely, a core gene co-expression network can also help 

identify species-specific pathways and processes that may be unique to individual species. This 

can provide insights into the adaptation and diversification of cyanobacteria in different 

environments. 
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VI. APPENDECIES  

A. Tables and Figures  

 

 
  

Table 1. Synechocystis sp. PCC 6803 datasets collected from the NCBI database by bio-project. The 'Project 

Tag' column was used as a higher-level identifier during the quality check of the data. 'Bioproject ID', 'SRA 

ID', and 'GEO ID' columns are identifiers used in the NCBI, NCBI: SRA, and GEO databases respectively. I 

collected 728 RNA-Seq samples from 41 bio-projects representing 250 unique growth conditions. 
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Table 2. Synechococcus sp. PCC 7002 datasets collected from the NCBI database by bio-project. The 'Project 

Tag' column was used as a higher-level identifier during the quality check of the data. 'Bioproject ID', 'SRA 

ID', and 'GEO ID' columns are identifiers used in the NCBI, NCBI: SRA, and GEO databases respectively. I 

collected 269 RNA-Seq samples from 20 bio-projects representing 108 unique growth conditions. 

Table 3. Synechococcus elongatus sp. PCC 7942 datasets collected from the NCBI database by bio-project. 

The 'Project Tag' column was used as a higher-level identifier during the quality check of the data. 

'Bioproject ID', 'SRA ID', and 'GEO ID' columns are identifiers used in the NCBI, NCBI: SRA, and GEO 

databases respectively. I collected 397 RNA-Seq samples from 24 bio-projects representing 219 unique 

growth conditions. 
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Figure 1. Principle component analysis of the 515 samples of Synechocystis PCC 6803 from 32 bio-

projects used in this study. Each bio-project was given a tag unique tag. Samples are grouped and 

colored by bio-project. 

Figure 2. Principle component analysis of the 215 samples of Synechococcus PCC 7002 from 11 bio-

projects used in this study. Each bio-project was given a tag unique tag. Samples are grouped and 

colored by bio-project. 
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Figure 3. Principle component analysis of the 333 samples of Synechococcus elongatus PCC 7942 

from 15 bio-projects used in this study. Each bio-project was given a tag unique tag. Samples are 

grouped and colored by bio-project. 
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Figure 4. Gene co-expression network for Synechocystis PCC 6803. Colors show clusters detected by the 

FastGreedy algorithm (nmin = 12 nodes). Sizing of the nodes and edges represents the betweenness 

centrality of that node or edge. The network was filtered to have the strongest ~6000 edges and then 

edges not connected to the main network were discarded. This network contains 4252 edges. 
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Figure 5. Gene co-expression network for Synechococcus PCC 7002. Colors show clusters detected by 

the FastGreedy algorithm (nmin = 12 nodes). Sizing of the nodes and edges represents the betweenness 

centrality of that node or edge. The network was filtered to have the strongest ~5000 edges and then 

edges not connected to the main network were discarded. This network contains 4380 edges. 



11  

  

  

Figure 6. Gene co-expression network for Synechococcus elongatus PCC 7942. Colors show clusters detected by 

the FastGreedy algorithm (nmin = 12 nodes). Sizing of the nodes and edges represents the betweenness 

centrality of that node or edge. The network was filtered to have the strongest ~6000 edges and then edges not 

connected to the main network were discarded. This network contains 4255 edges. 
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