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BIOL 3200   Spring 2015          DNA Subway and RNA-Seq Data Analysis 
 
By the end of this lab students should be able to: 

• Describe the uses for each line of the DNA subway program (Red/Yellow/Blue/Green) 
• Describe the RNA-Seq technique and how it is used to quantify gene expression 
• Analyze a dataset using the Green Line of DNA subway and identify genes of interest 

 
Part I: Introduction to the DNA subway (http://dnasubway.iplantcollaborative.org/)  
 DNA subway is part of an NSF funded project to bridge the gap between biology and computer 
science. You can input a variety of sequence types (DNA/RNA/Protein) from a wide range of 
organisms, mostly plants and animals at this point, and analyze them for open reading frames, number 
and function of genes, level of gene expression, relationship to other known sequences and so on. This 
is a streamlined and simplified workflow for bioinformatic analysis of sequence data and is designed to 
be used in undergrad classrooms, graduate courses, and small scale research projects. 
 
Blue Line: 
 The input for this ‘line’ is DNA or Protein sequence files in FASTA format OR as AB1 trace 
files (files that come directly off the sequencing machine). Notice the option for DNA Barcoding (rbcL 
or COI), had we sequenced our own data we would have brought it here for analysis. The ‘stops’ on 
this line include Process Sequences, Add Sequences, Align Sequences, and Generate Trees. We did 
those last two of the steps a couple weeks ago in lab but using different web based tools. 
 Navigate to the matK January project under Public Projects. 

1) What is this project about? 
 
 
 
 
 Now you can see at each stop there are different steps you can choose to use on your data. The 
key in the middle of the screen will tell you which analyses are available to run, which are running, 
which have completed, which have failed and which tasks you cannot run until you have finished 
previous tasks or uploaded additional data. The Sequence Viewer will show you all of the sequences 
used in this study and whether or not they are of good quality. Next to each sequence you will see a 
graph icon (good quality) or caution red triangle (bad quality). 

2) Find one of each and compare/contrast what you see in the space below: 
 
 
 
 
 
 
 
 
 Sequence Trimmer will then trim away the ends of the sequence that have questionable quality 
and ambiguous bases. Pair Builder and Consensus Builder will compare these trimmed sequence to 
each other and build a database that we can use to further analyze the relationships of the sequences. 
At the next ‘stop’ BLASTN can be used to find more similar sequences that exist in GenBank (like we 
did a couple weeks ago)—notice these scientists chose not to do this step and as we do not own this 
project we cannot either! 
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The last ‘stop’ combines the analysis and tree building. Starting with MUSCLE you can make 
an alignment of your sequences and check for sequence similarities. 
 3) How similar are sequences 1 and 6?  How similar are sequences 4 and 6? 
 
 
 
 
 
 4) Switching to ATCG view, can you find any SNPs? How about any InDels? 
 
 
 
 
 
 PHYLIP is a tree building program that can take sequence data and group sequences into 
branches on a phylogenetic tree based on different statistical algorithms (ML—maximum likelihood, 
NJ—neighbor joining). The numbers located next to the branch points are bootstrap values for 
confidence in that branch (usually based on running simulations of 1000 or more trees). The higher the 
bootstrap number the more confident you can be that the branch is real. Generally anything less than 
50% can be ignored. 
 5) Look over both types of tree. Do you notice any differences? Describe them below. 
 
 
 
 
 
 
Red Line: 

The input for this ‘line’ is a genomic DNA sequence file in FASTA format from a plant or 
animal source (preferably a known species). The ‘stops’ on this line include Find Repeats, Predict 
Genes, Search Databases and Build Models. We also did some of this a couple weeks ago in lab but 
using different tools. 
 Navigate to the Molecular project under Public Projects (owner is Kelsey Cruse, species is 
Arabidopsis or mouse-ear cress). At our first stop we have a Repeat Masker, this will identify repeated 
sequences such as transposable elements and microsatellites and hide them from the analysis as they 
tend to complicate things. 
 6) About how many repeat regions did this program find in the 16.47 kilobases of data in this 
project? What is the range of lengths of these repeats? 
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 At the next ‘stop’ we have four ways to identify gene models, and like our GenScan, each has 
its own algorithm and bias. Combining each of these with expressed sequence tag (EST) data will give 
you the most accurate model. Briefly look across the data for each of the four methods. 
 7) Does each method always predict the same genes in the same locations?  Why do you think 
that is the case? 
 
 
 
 
 Now click on the Local Browser tab. 
 8) Does this view confirm or negate your claim above? Are there any genes that the three major 
methods (AUGUSTUS, FGenesH, and SnapGene) all detect fairly closely? 
 
 
 
 
 
 
 
 
 9) Are the majority of the repeats detected inside or outside of predicted genes? Why do you 
think this is so? 
 
 
 
 
 
 
 
Yellow Line: 

The input for this ‘line’ is DNA or Protein sequence files in FASTA format. The ‘stops’ on this 
line include Search Genomes and Alignment & Tree Viewer. This is another tool that can be used to 
search for related sequences and compare gene models and is most useful for identifying gene families. 
We will not investigate this ‘line’.  
 
Green Line: 

**Due to hardware and data storage issues we cannot look at the input structure of this ‘line’.** 
The input for this ‘line’ is a batch of RNA-Seq read files from a next generation sequencer (Illumina 
HiSeq or ION Torrent) in FASTQ format. The ‘stops’ on this line include Manage Data and Analyze 
Transcriptome. This tool is an excellent way to analyze gene expression of whole transcriptome 
samples for a variety of conditions, tissues, or developmental stages in species with a KNOWN 
genome sequence. We will spend a significant amount of time during this lab going over each of the 
steps within each ‘stop’ and looking at the data quality and results of a public project investigating 
corn (Zea mays) development. 
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Part II: What is RNA-Seq and how does it work? 
As we have discussed in lecture, each cell in an organism contains the same DNA, i.e. the same 

genes, so how do organisms respond to developmental and environmental changes? They certainly 
cannot just make new genes on the fly. The best way is to regulate the gene products that they make, 
when they make them and how much they make.  Most of the gene products will be mRNA that is then 
translated into proteins. No gene is an island, so each time an organism’s cells change the expression 
or amount of gene product from one gene it will have a ripple effect on a few to many genes in the 
body, often due to the formation of regulatory networks. The more active a gene is the more mRNA it 
will make and those that have been inactivated will produce far less or even no mRNA. Think back to 
the lac operon we went over! Additionally, each individual in a species could show slightly different 
levels of gene expression based on their genomic background and the environment they are in. This 
variation can be quantified and examined via transcriptomics. When we talk about transcriptomics, we 
are talking about studying ALL of the transcribed RNAs in a sample. This includes mRNA (leading to 
proteins), tRNA and rRNA involved in translation, and small RNAs that are often regulators and can 
be involved in silencing. Transcriptomics is an excellent example of the application of computational 
and statistical analysis to a biological question and follows the basic steps of the scientific method as 
with any other traditional experiment. 
 

 
 

The workflow above is courtesy of the DNA Learning Center’s RNA-Seq project 
(http://www.RNA-Seqforthenextgeneration.org/) . Several faculty, myself included, were selected to 
participate in a 2 week workshop to learn RNA-Seq library creation, experimental design and data 
analysis. We were also tasked with creating materials to use in a class/lab setting on college campuses. 
Although our lab is not prepared at the moment to do full-scale RNA-Seq experiments, we do have 
access to tons of data from previous studies and public projects through the DNA Learning Center. 
Most of this data is stored on the Short Read Archive (SRA) from the NCBI and includes both RNA-
Seq experiments and Genotyping-by-Sequencing (GBS) whole genome experiments. 
 
 Let’s take a look at some of the data available. Go to http://www.ncbi.nlm.nih.gov/sra and in 
the search bar type in your favorite species/organism. I will be using Caenorhabditis elegans (our 
friend the nematode) on the big screen. Notice there is different data in this type of entry versus a 
typical nucleotide entry in GenBank—we are no longer looking at a single gene or sequence but 
instead hundreds of thousands of sequences from the same sample. 
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 So how did these scientists generate the sequence data that we are using today? We will only 
briefly go over some of the key features of RNA-Seq experimental design today, but if this topic is of 
interest to you, some professors at the University of Oregon have created a very well laid out 
explanation of the steps involved. (http://RNA-Seq.uoregon.edu/). 
In general, the steps are as such: 

1. Extract RNA from all samples/tissues needed (not as easy as DNA, RNA will breakdown 
very quickly and nucleases are everywhere!) There are MANY different protocols to extract 
RNA with a variety of chemicals. The optimal procedure is usually determined by the type of 
tissue you have (plant/animal etc) and the type of RNA you want (Total, messenger only, 
microRNA). 
 
2. Quantify and Qualify the RNA—you want to get out as much RNA as possible but more 
importantly you NEED the RNA to be in good condition and complete. RIN (RNA Integrity 
Numbers) are often used and must be above a 7 in order to be used for library preps. 
 
3. Copy the RNA into stable cDNA—either fragment it into ~150 base fragments before or 
after this step as sequencers cannot handle fragments much larger than this. 
 
4. Anneal cDNA to known sequencing adapters specific to the technology platform being used. 
These need to be PCR amplified somewhat to produce enough fragments to sequence. 
However, if you amplify too many cycles you will bias the sequences produced, can introduce 
mutations into sequences, and will swamp the sequencer. 
 
5. Analyze the quantity and quality of your sequencing libraries via gel electrophoresis and a 
DNA chip. 
 
6. Submit your library to the sequencing machine and wait ~1 week to get back your HUGE 
data files. 

 
Part III: Data Analysis of corn plant development using the DNA subway Green Line. 
 Navigate to the Zea mays latest public project under Public Projects. This is an RNA-Seq 
project for corn development and includes reads for stem tissue, seed tissue and root tissue. This 
project’s data can be used as a baseline for future projects involving additional developmental stages, 
different genotypes, different environments and experimental conditions. Click on the Manage Data 
button above the FastX Toolkit button. 
 9)  How many replicates of each tissue sample were used? Did each replicate produce the same 
amount of data? 
 
 
 
 
 
 These files are in FASTQ format and are quite large. FASTQ is a lot like FASTA in that it will 
contain all of the sequence data with a header line describing that data. In this case the header starts 
with @ instead of > and has a LOT more data about where the sequence comes from, the technology 
used, and the length. Below the actual sequence is another header line with a + and below that are the 
quality scores for each base in the sequence above. For a comprehensive look at the FASTQ file format 
please see its Wikipedia entry (http://en.wikipedia.org/wiki/FASTQ_format).  



6	
  
	
  

 If you click the VIEW under the QC column (I will be looking at stem_rep1 on the big screen), 
you can see the various ways in which we can assess the quality of each of the RNA-Seq data sets.  
 10) How many sequence reads exist in this dataset?  How long are they? What is their average 
%GC? 
 
 
 
 
 
 
 
 
 Below the general table describing the dataset, there are a series of graphs to examine different 
aspects of the data. Green check marks mean the QC passed that test, Yellow exclamation points mean 
the test looks weird but you may still want to use the data, and Red X’s mean that the step has failed to 
meet good QC standards (however, this may not be an issue depending on the test and the type of RNA 
sample that was used—remember real data is never perfect!). The first graph is for Per Base Sequence 
Quality. It looks at each base in each read across the entire length of the sequence and produces a 
histogram of the quality scores. The red line is the mean and the yellow box is where most of the reads 
quality scores lie. You want the red line to be in the green range but the yellow bar can extend into the 
yellow (sometimes even the red). 
 11) Where do you see the highest quality bases in these reads? 
 
 
 
 
 
 
 
 
 Next is the Per Sequence Quality Scores. Looking across the entire sequence and averaging 
the score, we can see how many sequences have good overall scores (higher numbers) and how many 
have bad scores (lower numbers). In this case very few sequences have scores below 15 and the 
majority of sequences have scores around 31, which is very good. Next is the Per Sequence Base 
Content which compares all of the sequences at each base position and figures out the percentage of A 
T C G at each base.  Theoretically, each base should be represented equally as these reads come from 
all over the genome BUT sometimes there are biases in bases used by a species or bases 
called/sampled by a technology. An additional measure of base composition is the %GC in the next 
graph, which is now averaging how often a G or a C is in that position. 
 12) Why do you think this data failed both Per Base Sequence Content and Per Base GC 
Content? What region of the reads seems to be most affected? 
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 One other way to look at the %GC is to average it across each read/sequence and look at that 
distribution. Theoretically, we expect a normal distribution of reads with the mean at about 50% and 
super high GC/ super low GC reads in the tails.  The data from the stem_rep1 follows this distribution 
fairly well, although there is slightly fewer low GC reads and more moderate to high GC reads. The 
next graph (Per Base N Content) is showing the %N or amount of ambiguous (un-callable) bases 
across the reads, to which thankfully this dataset has none! Additionally the Sequence Length 
Distribution graph shows that all of our sequences are 35 bases long. The experimenter gets to set this 
length before running the experiment. Single end ‘short reads’ from the Illumina system will typically 
be around 35 bases while paired end reads can be up to 150 bases. 
 Notice how on the next three measures (Sequence Duplication Levels, Overrepresented 
Sequences, and Kmer Content) the dataset has caution icons. The Sequence Duplication Levels will 
show how unique the sequences within the data are or if certain sequences are seen many times 
(overrepresented). The sequences can be seen in a range from once to over 10 times in the dataset. 

13) Where (at what level) do you see peaks in this graph?  What does each peak mean in terms 
of sequence uniqueness? 
 
 
 
 
 
 
 
 14) Looking at the table for Overrepresented Sequences, are there any sequences to worry 
about?  Roughly what percentage of the reads do these sequences make up? 
 
 
 
 
 
 
 Kmer Content will show you certain short sequences that show up consistently in the same 
position of multiple reads. This could be due to sampling similar sequences repeatedly or due to biases 
in the sequencing technology. Many times there is nothing you can do to fix this issue, especially if 
your tissue is scarce, RNA was hard to extract or your species is prone to certain repeated sequences.  
Most often you make a note of these issues and proceed with your analysis anyway, as throwing out 
the data is more detrimental than possible overrepresented sequences. Interestingly, most RNA-Seq 
experiments fail at least one of these tests due to the species genome or the method of RNA extraction/ 
library preparation. Usually data analysis works out just fine anyway. This is also why you want to 
make sure you get really high quality RNA extractions and good sequence libraries BEFORE you run 
the sequencing reactions. 
 
 Lastly, the FASTX Toolkit is going to trim the sequences, mask any N’s and remove the low 
quality reads. Once it has done that you can take the cleaned data and run the Tuxedo suite (Tophat, 
Cufflinks, CuffDiff) to analyze the data in two ways: 1) count how many of the reads align to genes in 
the genome of your study system for each condition tested, and 2) determine how those read counts 
differ between the different conditions. This will not be easy as the reads from an RNA-Seq 
experiment are WAY SMALLER than the genes they need to align to. 
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Consider this: Many of you are taking or have taken Dr. Farmer’s Botany class at ABAC. One day she 
decides she wants to compare the plants in Tifton, GA to those in Knoxville, TN to see what plants are 
similar and which are different and to see if the relative abundances of certain plants are the same. She 
sends you all out with your phones to take tons of pictures of plants to analyze when you get back to 
lab. Your first step will be to look over each photo and determine its quality—is it in focus? Can you 
tell which plant it is? Did someone photobomb half of the images? If all is good, now you have to go 
through the arduous task of matching each image to a specific plant species. THEN you have to count 
how many of each of the different plant species there are in each location and determine if there is a 
statistical difference between your counts. Hmmm, that might make for a fun lab! 
 

So in terms of RNA-Seq analysis, the above steps were dealing with the quality control 
aspect—making sure the reads were clear and easy to align. Now we are moving towards aligning 
them and determining the differences between samples. First, Tophat is going to look across the reads 
for splice junctions (i.e. reads that contain a part of one exon and part of the next exon but would not 
contain the intron between them). It can then align them to a specified genome and map the splice 
junctions to known genes. This will also convert from FASTQ to BAM file formats for downstream 
uses. Notice that these scientists opted for the BASIC parameters. By clicking the th# under each file 
you can see what those parameters were. If you click on th912 we can view the parameters for the 
stem_rep1. 
 15)  What was the minimum intron length they allowed for matching sequences? What is the 
maximum intron length? 
 
 
 
 
 
 After Tophat, we move on to Cufflinks which will assemble the different reads into longer 
transcripts based on their level of overlap, estimate how abundant each transcript is in the sample, and 
do a pairwise comparison of control vs treatment to determine if there are differences in expression 
levels. Clicking the cl# under each BAM file will show you the parameters that were set. Click on the 
cl82 for our stem_rep1 sample. Looks complicated!  Good thing is in most cases and most datasets the 
default settings work just fine for finding genes of interest. The IGV links next to the data will show 
you where the reads are matching on the genome and can be viewed by chromosome and region. If the 
reads do not match the genome that we selected we may have a problem figuring out which genes are 
differently expressed and would need to do some kind of de novo alignment and comparison using a 
different computer program or tool. 
 
 Next we move on to CuffDiff, and this is where the data analysis gets interesting! Click on the 
cd888 link. The scientists took all of the replicates for each tissue and have compared the transcripts 
found in each sample. Now we can look at which transcripts are found only or most highly expressed 
in one tissue over the others and measure the level of background noise produced by the differences in 
expression of similar reads across the replicates. Click the graph icon to view the cummeRbund plots. 
 

The first plot will show the density of reads (recorded as Fragments Per Kilobase per Million 
reads-- or FPKM—and is normalized across the samples). Most of the genes show no difference in 
amount of reads (mean around 0) BUT the tails are where the interesting genes are going to be. The 
next graph shows Overdispersion in the data and is used for quality control (we do not need to worry 
about that now). Additionally, the CV2 graph will show the variability across the replicates for each 
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tissue sample—the narrower the colored regions the better, you also want them to be of similar width 
across tissues to confirm that all of your samples are similarly good (or similarly biased) and the data is 
still usable. The M vs A plots are also used for looking at biases and can be ignored for the purposes of 
this exercise. 
 The graphs we care the most about are the Scatterplots comparing each pair of tissues—Stem 
vs Root, Stem vs Seed and Seed vs Root. These graphs show the relationship of one variable with 
another and can be used to compare replicates, different conditions, or different measurements. The 
graph we will see is going to show each gene in each dataset as a dot and will plot one set of dots for 
the variable on the X axis and the other dataset on the Y axis. It will also provide a blue 1:1 correlation 
line where points should fall if there are the same number of reads/ identical expression in both 
conditions.  
 16) Where do you think the most differently expressed genes will fall on these graphs?  Are 
there a few or a lot of these genes based on the number of reads alone? 
 
 
 
 
 
 
 The last plot is in black and red and is called a Volcano plot (it often looks as if the genes are 
exploding out the top like lava). This not only takes into account the differences in read numbers but 
also runs a statistical test with correction for multiple samples to determine exactly how many of these 
genes are significantly different between the two tissues. Often a –log P value of higher than 1.5 is 
considered significant and the higher the number the more likely that significance is real. 
 17) Are there a few or many genes that appear to be significantly different in expression? 
 
 
 
 
 
 Now we want to look at the Gene Summary Table to find genes we want to play with and use 
for further analysis (this may take a little while to load). The table shows you each gene that the data 
was able to align to in the Maize genome, the overall fold change, whether it is up or down in the first 
listed condition vs the second, the total normalized number of reads, and the statistical (Q) value where 
red is significant. You can download this data as a CSV file that can be viewed with Excel, sorted by 
each category and additional statistical tests or lists can be made. We could also take our data and 
bring it over to the Red Line to annotate it and examine the individual genes/transcripts further. 
 18) How does this table look sorted to you?  Is that a useful way to look at the data? 
 
 
 
 
 19) If you were to sort this file in Excel, how would you want to do so? 
 
 
 
 
 20) How would you find out what these genes do in corn? (Maybe we should look at 
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http://maizegdb.org/)  


