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1. Go to http://www.ncbi.nlm.nih.gov/pubmed/  
2. Select GEO Datasets from the dropdown menu & search for your favourite cell and data type, e.g. 

“DRG RNA-seq”. Alternatively, you can perform a similar search in Google, navigate to a paper of 
interest and identify the corresponding GEO accession number.  

3. Click on the dataset you are interested in and scroll down to “Supplementary Files”  
4. Download the .txt or .xls file that contains RNA expression values, often entitled […]FPKM.txt.gz or 

[…]RPKM.txt.gz  
NB: FPKM stands for Fragments Per Kilobase of transcript per Million mapped reads. Like RPKM (Reads Per 
Kilobase per Million mapped reads), it is a normalised measure of gene expression. It takes into account the 
length of the transcript (“per kilobase”) and the overall number of reads (“per million mapped reads”) to 
create a number that can be compared across samples within an experiment. It is important to bear in mind 
that raw FPKM values are not directly comparable across experiments: RNA-seq still remains a relative 
measure of gene expression (Seqc/MaqcIII-Consortium, 2014), and each dataset will therefore have its own 
expression threshold. Often this is arbitrarily set at FPKM > 1, but ideally it should be defined through 
statistical and biological reasoning by the authors themselves. 

5. If necessary, unzip the file using an appropriate programme (e.g. 7-zip)  
6. Open the file in Excel – take care to designate the column containing the gene identifiers as a “text 

column” to avoid incorrectly auto-formatting ID numbers as dates. NB: Beware! Sometimes Excel auto-

formats even after the file is opened (see http://bmcbioinformatics.biomedcentral.com/articles/10.1186/1471-
2105-5-80). In this case, it is best to download the data again. 

7. Carefully read the paper associated with the dataset to determine the answers to the following 
questions:   

a. What do the samples represent? Are they naïve or treated? Do they derive from pure cell 
populations that have been isolated via fluorescent or magnetically activated sorting? Or do they 
have a more mixed tissue origin? At this point, it is also vital to determine whether the tissue was 
perfused before processing, to gauge how likely it is for the transcriptional profile to be 
contaminated by blood. If in doubt, look up the expression level of haemoglobin genes (e.g. Hba1, 
Hbb). You can also check for the contamination of other cell types, using known marker genes such 
as Gfap for astrocytes or P2ry12 for microglia.  

b. Where should you set your expression level threshold? If the authors don’t indicate this in the text, 
you will need to determine this number yourself by checking the FPKM values for a few genes that 
you know to be lowly expressed or absent. Bear in mind that the FPKM value at which you can no 
longer be confident of gene expression will differ from experiment to experiment.  
NB: Particular care has to be taken in this regard when studying single cell datasets. Due to known bottlenecks 
at the reverse transcription stage, only 20% of all RNA molecules are likely to be amplified in a single cell (see 
e.g. Bacher and Kendziorski, 2016 for a discussion of some of the known technical constraints).   

8. Search for your favourite genes. If you cannot find them in the Excel sheet, make sure that you have 
identified the correct gene alias using tools such as Ensembl (http://www.ensembl.org/index.html) 
or GeneCards (http://www.genecards.org/). 

9. Bear in mind that it is best to compare the expression level across a number of experiments, 
especially in the case of single cell RNA-seq datasets which will be noisy. That way, you can be 
certain to gain a representative picture of the likely expression level of your gene in your cell type of 
interest. 
NB: You can calculate the power of a particular dataset using sample size, the coefficient of variance and 
sequencing coverage.  

10. Validate whatever you have found using your own study system with other methods, such as 
fluorescent in situ probes, knockout-validated antibodies or transgenic reporter lines.  
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For Bigwig files, follow steps 1-2, then:  
11. Click on the individual sample you want to view 
12. Scroll down to “Supplementary File” 
13. Right-click on the ftp download link of the bigwig file, ending .bigwig or .bw and select “copy link” 
14. Go to a genome browser, eg. UCSC 
15. Go to “My Data”, “Add Custom tracks” 
16. Copy the ftp link in the “Paste URLs or data” box and press submit 
17. Go back to the genome browser and view the signal at your favourite genes. You can upload many 

custom links at once and also view ENCODE tracks.  
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