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Assignment Goals 

 Experiment with convolutional neural networks for regulatory 
genomics prediction tasks 

 Gain familiarity with the RNA-Seq quantification and mass 
spectrometry peptide identification tasks 

 
Instructions 

 To submit your assignment, log in to the biostat server 
mi1.biostat.wisc.edu or mi2.biostat.wisc.edu using your biostat 
username and password. 

 Copy all relevant files to the directory 
/u/medinfo/handin/bmi776/hw3/<USERNAME> where <USERNAME> is your biostat 
username.  Submit all of your DragoNN output files and any code or 
spreadsheets you created for Parts 2 and 3.  Do not run DragoNN on 
adhara.biostat.wisc.edu. 

 Compile all of your written answers in a single file and submit as 
solution.pdf. 

 Write the number of late days you used at the top of solution.pdf. 

 Show your work for partial credit. 
 
Part 1: Deep RegulAtory GenOmic Neural Networks (DragoNN) 
We will use the DragoNN Python package1 to explore convolutional 
networks for regulatory genomics.  DragoNN can create DeepSEA-like 
networks but is more user-friendly, makes it easier to test different network 
architectures, implements network interpretation strategies, and simulates 
DNA sequence training data for user-specified cis-regulatory modules. 
 
The package has many dependencies, include old versions of other Python 
packages and unpublished packages in GitHub repositories.  We will 
provide minimal support for installing it on your own machine and instead 
request that you perform all of your testing on mi1.biostat.wisc.edu or 
mi2.biostat.wisc.edu.  Do not wait until the day or two before the homework 
due date to conduct your tests because the server load will make network 
training slow. 
 

                                                           
1 http://kundajelab.github.io/dragonn/index.html 

http://kundajelab.github.io/dragonn/index.html
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To run DragoNN on the biostat servers, first make sure you have the BMI 
776 Python installation available set as the default.  In HW0, we 
recommended setting either an alias or changing your PATH environment 
variable.  For this assignment, we recommend setting your PATH variable2, 
which works more reliably with conda environments.  After setting your PATH 
variable following the HW0 instructions, the command: 
 
type -a python 
 
should show 
 
python is /u/medinfo/bmi776-miniconda3/bin/python 

 
in the first line of the output. 
 
Once you are using the BMI 776 Python environment, switch to the special 
HW3 conda environment with: 
 
source activate hw3 

 
This environment has the DragoNN package installed.  Test that DragoNN 
is available with: 
 
dragonn –h 

 
For the following exercises, copy the HW3 sequence data and interpret.py 
to your handin directory.  Run everything within your handin directory and 
leave the output files there.  Specific questions you should answered are 
bolded. 
 
1A: Training convolutional networks 
First you will train a convolutional neural network on simulated data from a 
ChIP-Seq experiment.  You have been provided a FASTA formatted file of 
5000 DNA sequences bound by some regulatory proteins, 
positive_train.fa, and a negative set of 5000 unbound sequences, 
negative_train.fa.  Use the following DragoNN command to train a 1 layer 

                                                           
2 If you are unfamiliar with the vim editor for editing your .profile file, see the interactive tutorial 

http://www.openvim.com/ 

http://www.openvim.com/
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network with a 5 hidden units (filters) and a convolutional window of 15 
base pairs: 
 
dragonn train --pos-sequences positive_train.fa --neg-sequences 

negative_train.fa --prefix training_1_layer --num-filters 5 --conv-width 15 

 
This trains the neural network and saves the model architecture and 
learned weights to training_1_layer.arch.json and 
training_1_layer.weights.h5.  DragoNN splits the input data into a training 
and validation set and reports several performance metrics at each epoch 
(iteration) of training. 
 
What are the training auPRC (area under the precision recall curve) 
and validation auPRC at epoch 1? 
 
What are the training auPRC and validation auPRC at the final epoch? 
 
What are the training and validation recall at 20% FDR (false 
discovery rate) at the final epoch? 
 
The 1 layer network is an extremely simple neural network.  We can train a 
more complex network by adding more filters and convolutional width 
arguments to the dragonn train command.  Try a 2 layer network with 15 
filters per layer and a window size of 15 base pairs: 
 
dragonn train --pos-sequences positive_train.fa --neg-sequences 

negative_train.fa --prefix training_2_layer --num-filters 15 15 --conv-width 

15 15 

 
What are the training and validation auPRC at the first and last 
epochs? 
 
What are the training and validation recall at 20% FDR (false 
discovery rate) at the final epoch? 
 
Why is the 2 layer network’s performance better than the simple 1 
layer network? 
 



University of Wisconsin-Madison Spring 2017 
BMI/CS 776: Advanced Bioinformatics Homework #3 
Prof. Anthony Gitter Due: Tue, Apr 11, 2017, 11:59 PM 

 

4/8 

DragoNN supports other training strategies and network architectures.  The 
command: 
 
dragonn train -h 

 
shows some of other options.  --pool-width changes the size of the pooling 
layer.  --L1 and --dropout are different regularization strategies for learning 
the weights.  --num-filters and --conv-width can also be extended to three 
or more layers as long as you provide the same number of integer 
arguments to both of them.  Try changing one of more of these parameters 
in a manner that you expect will improve the validation set performance, 
and change the --prefix argument to training_my_network. 
 
Describe what changes you made and provide the DragoNN command 
you used. 
 
Did your network perform better or worse on the validation auPRC 
and recall at 20% FDR than the 2 layer network above?  Why? 
 
1B: Using and interpreting trained convolutional networks 
You will now inspect and interpret the 2 layer convolutional neural network 
you trained above.  Use the command: 
 
python interpret.py --pos-sequences positive_test.fa --neg-sequences 

negative_test.fa --arch-file training_2_layer.arch.json --weights-file 

training_2_layer.weights.h5 

 
This will load the trained network from the training_2_layer.arch.json and 
training_2_layer.weights.h5 files, load positive and negative test sequences, 
predict the probability that the test sequences are bound (i.e., in the 
positive class), and visualize the trained network. 
 
Examine the output file training_2_layer_architecture.png.  This shows a 
graphical representation of the layers of the neural network and their sizes. 
 
What do the input and output dimensions of the first Convolution2D 
layer correspond to (ignore the Nones and 1s)?  Hint: If it is not 
obvious, try training different networks with different values of --num-
filters and --conv-width to see how these dimensions change. 
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What do the input and output dimensions of the Dense layer 
correspond do?  Hint: A Dense layer in Keras is what DeepSEA refers 
to as a fully connected layer. 
 
The probabilities that the test sequences are bound by the transcription 
factors are printed to the screen for the positive and negative test 
sequences.  Suppose we predict that all sequences with P(bound) ≥ 0.5 
are bound (positive) and all others are not bound (negative). 
 
How many true positives, false positives, false negatives, and true 
negatives are predicted? 
 
interpret.py also visualizes the true motifs that were used to generate the 
positive training and test data.  Examine these motifs in the output files 
motif1.png and motif2.png.  The output file 
training_2_layer_convolutional_filters.png visualizes the filters learned in the 
first convolutional layer, that is, the weights for the hidden units in this layer.  
 
How do the learned filters differ from PWMs? 
 
Do any of the filters resemble the true motifs?  In a multi-layer 
network, why do the first layer filters not need to learn motifs to get 
good predictive performance? 
 
DeepLIFT3 provides an improved way to interpret convolutional neural 
networks versus visualizing the filters.  DeepLIFT computes a score for 
each input feature.  Examine the DeepLIFT plots for each positive test 
sequence in the subdirectory training_2_layer_deeplift_positive.  The top 
panel shows the summarized score at each position in the input sequence.  
The gray region is zoomed and shown in the bottom panel with nucleotide-
specific scores. 
 
Do the DeepLIFT scores look more or less similar to the true motifs 
than the convolutional filter visualizations?  Do they represent both 
true motifs equally well? 

                                                           
3 https://arxiv.org/abs/1605.01713 

https://arxiv.org/abs/1605.01713
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Part 2: RNA-Seq Rescue Algorithm 
The full RSEM algorithm is too complicated to execute manually, but we 
can use the RNA-Seq rescue method presented in class to approximate 
one iteration of expectation maximization.  The bipartite graph (Figure 1) 
contains two types of nodes: transcripts and read groups.  The transcript 
nodes contain a transcript id and the transcript length in base pairs (bp).  
The read nodes contain the read counts for a group of reads that all align to 
the same transcripts.  Transcript-read group edges designate the 
transcripts to which each read group aligns. 

Figure 1: Bipartite Graph 
 
2A: Estimating relative abundance 
Use the rescue method to calculate the relative abundance for the five 
transcripts to three decimal places.  Show your work for partial credit. 
 
2B: Estimating absolute abundance 
Transcript X is a RNA spike-in.  1000 copies of transcript X were mixed into 
the experimental sample when preparing the sample for RNA-Seq.  That is, 
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its absolute abundance is 1000.  Use the relative abundances you 
calculated above to calculate the absolute abundances for the other four 
transcripts, rounded to the nearest whole number.  Show your work for 
partial credit. 
 
Hint: Review the “Issues with relative abundance measures” slide from the 
RNA-Seq lecture.  Given the relative abundances for all six genes and the 
absolute abundance of Gene 6, you can derive the absolute abundances of 
Genes 1 through 5. 
 
Part 3: Mass Spectrometry Theoretical Spectrum 
In this problem you will generate a simplified version of a theoretical 
spectrum to better understand the relationship between peptide fragments 
and spectra.  This problem is inspired by similar problems from the 
Rosalind bioinformatics programming platform.  Consult the Rosalind 
problems http://rosalind.info/problems/prtm/ and 
http://rosalind.info/problems/spec/ for a review of mass spectrometry 
terminology. 
 
For each of the peptide fragments below, you will create a table that shows 
the masses of all possible ions that correspond to the peaks in the 
theoretical spectrum.  Specifically, for a peptide fragment containing k 
amino acids, provide a two-column table in which the first column lists the 
k-1 b-ions and k-1 y-ions.  Enumerate all b-ions and y-ions even if they are 
redundant.  In the second column of the table, provide the monoisotopic 
mass of the ion (amino acid string).  An ion’s monoisotopic mass is the sum 
of the monoisotopic masses of all amino acids in the string.  The file 
mass_table.txt provides the amino acid masses4.  You do not need to draw 
the theoretical spectrum so you can ignore the charge of the ions. 
 
An example for the peptide fragment AYDN is: 
 
A       71.03711 

AY      234.10044 

AYD     349.12738 

YDN     392.13320 

DN      229.06987 

N       114.04293 

                                                           
4 From http://rosalind.info/glossary/monoisotopic-mass-table 

http://rosalind.info/problems/prtm/
http://rosalind.info/problems/spec/
http://rosalind.info/glossary/monoisotopic-mass-table/
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Show your work for partial credit.  If you perform the calculations by hand, 
write them down.  If you use a spreadsheet or write a Python script, submit 
it in your handin directory.  
 
3A: First peptide fragment 
Create the table for the peptide fragment NTSGP. 
 
3B: Second peptide fragment 
Create the table for the peptide fragment CCVIKC. 
 
3C: Third peptide fragment 
Create the table for the peptide fragment APSGPA. 


