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ABSTRACT

Computational biology is an exciting and ever-widening interdis-
ciplinary field. Expanding the participation of undergraduate stu-
dents in this field will help to inspire and train the next genera-
tion of scientists necessary to support this growing area. However,
students at smaller institutions, such as those focused on under-
graduate education, may not have access to courses related to or
even faculty interested in computational biology. Providing more
opportunities for such undergraduate students to be exposed to
computational biology, or other subfields within computer science,
will be important for ensuring these students are included in the
pipeline of scientists contributing to these diverse fields. To this
end, we hosted a computational biology workshop that brought
together undergraduate students from three different liberal arts
colleges. The goal of the workshop was to provide an introduction
to how computer science can be used to help answer important
problems in biology. A diverse set of six faculty members from
different institutions each created and taught a hands-on mod-
ule as an introduction to a different area of computational biol-
ogy at the workshop. We describe how we went about organizing
this undergraduate workshop, summarize the workshop materi-
als that are freely available, and discuss the outcomes and lessons
learned from the workshop. We further propose that the work-
shop structure used is adaptable to other subfields of computer sci-
ence. Workshop materials available at the workshop website: https:
//sites.google.com/carleton.edu/compbioworkshop2018/home.
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1 INTRODUCTION

In recent years biology has become increasingly intertwined with
computer science, leading to the birth of new fields of study known
as computational biology or bioinformatics [15]. The size and com-
plexity of modern day biological datasets now require novel com-
putational methods to analyze, store, and query [16]. In addition,
ever more complex computational models are being created to gain
insight into these biological systems [4]. Thus, there is an increas-
ing need for scientists with computational skills and an interest in
problems in biology [23, 27].

Concurrently, there has been an expansion in computational bi-
ology educational programs [19] and curricular efforts [8, 25] aimed
specifically at training undergraduates. However, the lack of educa-
tors trained in the field of computational biology or bioinformatics,
specifically at liberal arts colleges and regional universities [28],
means that undergraduate students at these types of institutions
are less likely to have exposure to this growing field.

While some institutions have experimented with introductory
computer science courses that focus on problems in biology [5, 11],
most smaller institutions do not have the resources or expertise to
add such new courses to their curriculum. Furthermore, many of the
resources that do exist for training undergraduates in computational
biology are aimed at life-science students [7, 14, 26] rather than
computer science students. However, the nearly universal boom
in students studying computer science [29] means that now is an
opportune moment to provide more resources aimed at introducing
undergraduate students with a background in computer science to
how their skills can be applied to important problems in biology.

Short courses, or workshops have been used previously to pro-
vide bioinformatics training. For example, a collaboration between
the European Molecular Biology Laboratory-European Bioinfor-
matics Institute (EMBL-EBI) and 2 Australian organizations has led
to a series of successful workshops at training bioinformatics edu-
cators [17]. Other programs such as the Computational Genomics
Summer Institute (CGSI) [1] are aimed at providing more advanced
training to graduate students or post-docs. But, little has been done
with regards to using short courses or workshops to expose under-
graduate students to computational biology or bioinformatics.

This experience report describes a hands-on undergraduate com-
putational biology workshop we organized in the fall of 2018. The
workshop introduced students at small liberal arts colleges with a
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background in computer science to how computation can be ap-
plied to important problems in biology. The main contributions of
this work to the education community are the specific workshop
materials, available on the workshop website, and our descriptions
of how to successfully organize a undergraduate workshop aimed
at exposing students from undergraduate only institutions to a
broader range of computer science subfields than they experience
at their home institution. The structure of the workshop can be
applied to any other subfield of computer science where students
are typically unable to get a sense of the scope of the subfield at
small institutions. Specifically, in section 2 we provide an overview
of the structure of the workshop, the faculty who contributed to
the workshop content and the students who attended. In section 3
we provide an overview of the content taught at the workshop. All
materials associated with the workshop are freely available to the
education community through the workshop website. In section 4
we provide an analysis of the outcomes from the workshop for both
students and educators, as well as what aspects of the workshop
were successful or could be improved in future offerings. Finally,
in section 5 we provide some final reflections on what we learned
from organizing this workshop and how we hope these resources
will be used by the education community in the future.

2 WORKSHOP DETAILS

We organized the first Undergraduate Computational Biology Work-
shop to occur over a weekend in September 2018 on the campus
of Carleton College in Northfield, MN. In this section we outline
details regarding the format and organization of the workshop.

2.1 Workshop Format

The one and a half day workshop consisted of six distinct 90 minute
modules, each created and taught by a faculty member whose re-
search lies in a different area of computational biology. Each module
contained a background component and a hands-on component.
The modules were taught in a large computer lab where all nec-
essary software for each module had been pre-installed on the
computers. Instructions for the hands-on components and other
related material were available on the workshop website. Students
worked in pairs on the lab computers when completing the modules.

In addition to the modules, the workshop included all meals for
participants, as well as space and time for socialization between
students and module leaders to help facilitate interaction. Out of
town participants were provided lodging. The workshop also in-
cluded a sit-down dinner where students and module leaders could
interact outside of the computer lab.

2.2 Module Leaders

Six module leaders, each of whom was a full-time faculty mem-
ber at a different undergraduate-focused small liberal arts college,
taught at the workshop. The group of module leaders was extremely
diverse on a number of different axes. The group included four
members of computer science departments and two members of
biology departments. There were also four women and at least two
non-Caucasians in the group.

The participating module leaders were specifically selected to
have a broad set of research interests, which are reflected in the set
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School Attended Year in School Taken Intro Biology?

Macalester 3% First Year 10%

Junior
9%

Figure 1: Statistics about the 32 students who registered for
the undergraduate computational biology workshop.

of modules they created for the workshop. The intent for having
such a broad spectrum of modules was to enable students to get
a wide-lens view of how computation can be applied to problems
in biology. An additional benefit is that educators using the work-
shop modules will have ready resources for expanding the type of
computational biology content their students see.

Furthermore, since computational biology is such a new and
diverse field, researchers in different sub-areas tend to attend sep-
arate conferences and have few venues for in-person interaction.
For members of small liberal arts colleges, where they are typi-
cally the only faculty at their institution working in the field of
computational biology, they may have little direct interaction with
other faculty working in their area at liberal arts colleges. The
workshop provided the module leaders with a novel avenue for
interaction with others working in related areas at similar institu-
tions. Many of the module leaders had never met each other before
the workshop. Even the workshop coordinator who selected the
invited module leaders had never met 1/3 of the module leaders
before inviting them to participate. Thus, the workshop doubled as
a valuable networking opportunity for the module leaders, as well
as an educational experience for the student participants.

2.3 Student Participants

The workshop was attended by 32 undergraduate students from
three liberal arts colleges located in the region (Carleton College,
Grinnell College and Macalester College). The only pre-requisite
for participation in the workshop was that the student had com-
pleted the equivalent of a CS1 course. Of the 32 registered student
participants, the majority (72%) were from the host institution. Stu-
dent participants represented all years in school, with the largest
component being sophomores (56%) and 34% of all participants
had not previously taken an introduction to biology course (see
Figure 1). According to pre-workshop surveys, completed by 22 of
the 32 students, student participants covered a wide-variety of ma-
jors or intended majors (41% of respondents indicated two majors)
and had relatively little previous experience with computational
biology (see Figure 2).

Students at the host institution were recruited through emails
to computer science interest lists and targeted emails to specific
biology and computer science class lists. The workshop organizer
also contacted faculty members, including some module leaders,
at surrounding liberal arts colleges who forwarded the call for
participants to students at their own institutions.
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2.4 Student Assistants

Six students at the host institution were hired to help with the coor-
dination of the workshop. Their main responsibility was to beta-test
the modules in the computer lab where the workshop would be held.
Each module was beta-tested by two students, with different levels
of computer science experience when possible. These students ran
through each module and noted points of confusion, questions that
arose while completing the module, and any technical issues they
encountered. The feedback from these students was then forwarded
to the module leaders who then updated their module. In the case
of technical issues, the comments were forwarded to the technical
staff in charge of installing the correct software in the computer
lab for remediation.

Each student assistant also completed a 3-hour shift at the work-
shop to help with setup, breakdown, and any other issues that arose.
Many students were able to attend the majority of the workshop
during their shift.

3 MODULE CONTENT

In this section we outline the broad structure of each of the modules
and briefly describe the contents of each one.

3.1 Module Format

Each module introduces students to a different area of how com-
putation can be applied to biology. Most module leaders created a
module that serves as a broad introduction to their research area.
Each module (available on the workshop website) contains the
following sections:

Major or Intended Major
12

10

6
4
2
: H ow = B

Math Physics Undecided

o

Computer Biology Chemistry Statistics

Science

Previous Computational Biology Experience
15

8
6 5

2
2

No Minimal  Moderate Very
Experience Experience Experience Experienced

Expert

Figure 2: Results from pre-workshop survey completed by
22 of the 32 registered participants. The majority of partici-
pants had no previous computational biology experience.
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e Summary - A brief description of the topic to be covered in
the module and what students will learn by completing the
module.

e Presentation Materials - Any materials (e.g., slides) used
during the background section of the module.

e Hands-on Exercises - Specific instructions for the hands-
on component of the module.

e Associated Materials/Files - Many of the modules analyze
specific datasets or have cheatsheets for tools used as part
of the module.

e Program/Software Requirements - A complete list of the
necessary software is included for each module so that they
can be re-used at a different location.

e Advanced Material - Additional information, such as re-
lated research papers, for students interested in learning
more about the topic covered in the module.

¢ Instructor Notes - Additional details or information for
instructors choosing to use the module.

3.2 Module 1: Finding Friends in Molecular
Interaction Networks
3.2.1 Summary. Cells respond to external signals through protein-

protein interactions. These interactions are often represented as a
graph, and algorithms from graph theory can be used to generate
hypotheses about protein regulation. This module introduces the
computational problem of identifying candidate regulators of a
specific protein of interest using molecular interaction networks. In
the hands-on component, students predict novel regulators of Fog
signaling, which is involved in changing the shape of a cell. Specifi-
cally, students try their hand at identifying candidate regulators in
a newly-established Drosophila interaction network, and visualize
their results using graph visualization software.

3.2.2 Hands-On Details. The hands-on component of this module
uses the online coding environment Repl.it [2] to provide students
with starter code and, therefore, does not require anything other
than a browser on the user’s computer. The exercise is broken
into two separate components. In the first component students
use Python3 to explore working with graphs using the NetworkX
package [10]. Students modify the existing code to compute basic
graph statistics such as counting the number of edges or nodes
in an existing graph. In the second component, students explore
ideas to rank unlabeled nodes in a given graph and are provided
code to use the GraphSpace [6] tool to visualize their ranked nodes.
In particular, students get the chance to implement and try out
their ideas on a fly interaction network. Figure 3 shows two of the
visualizations created by students during the workshop.

3.3 Module 2: Peptide and Protein
Identification using MS/MS Data on the
Galaxy-P platform

3.3.1  Summary. Bottom-up proteomics is a technique for study-

ing proteins that involves digesting proteins to fragment peptides
prior to identification using mass spectrometry. Masses of digested
peptides are compared with those predicted from a sequence data-
base to identify peptides. Proteins are then identified by analyzing
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Figure 3: Two of the graph visualizations created by students
during the workshop.

peptides present in the sample. This module is an introduction to
peptide and protein identification using MS/MS data on the Galaxy-
P platform [22]. Galaxy-P is an extension of Galaxy, a platform
developed to enable reproducible data-intensive research by provid-
ing complex computational software that often requires advanced
computer skills via a web-interface.

3.3.2  Hands-On Details. This component enables students to learn
about and use the Galaxy-P platform. Galaxy-P is a multi-omics
informatics platform focusing on integrative analysis of genomics,

transcriptomics, mass spectrometry-based proteomics, and metabolomics

data. During the workshop a special cloud instance of Galaxy-P was
used by workshop participants, but subsequent users can down-
load and install their own instance of the tool. The module walks
students through the basics the Galaxy framework and of peptide
and protein identification using MS/MS data. Students are also
introduced to a companion tool, Peptide Shaker [24] that uses out-
put they create via the Galaxy-P platform to organize and analyze
peptide spectrum matches (PSMs).

3.4 Module 3: Identifying Somatic Mutations in
mtDNA

3.4.1 Summary. Exploration of variation in DNA sequences in
humans is a key element towards understanding many diseases,
especially cancer. In this module students learn about comparing
paired tumor and normal samples to find somatic (non-inherited)
mutations from DNA sequencing data of cancer patients. Specifi-
cally, students are introduced to the basics of DNA sequencing data
and how computational approaches can be applied to such data to
identify genomic variants in comparison to a reference genome.
Students are also introduced to how mitochondrial dysfunction
may play a role in different human diseases.

3.4.2 Hands-On Details. This module walks students through the
steps to identify somatic mutations in mitochondrial DNA from
DNA sequencing data using both written questions and guided
use of several software tools. Specifically, students first learn some
basic facts about the BAM (Binary Alignment Mapping) file formats
used to represent sequencing data. Students then get practice at
manipulating and “viewing” BAM files using the command-line tool
called Samtools [13]. Students then explore how Samtools, when
combined with another tool called VarScan2 [12], can be used to
identify genomic variations. Finally, students use these tools to find
somatic mutations in mitochondrial DNA (mtDNA).
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3.5 Module 4: Machine Learning for Biological
Data
3.5.1 Summary. Over the past few decades, biology has under-

gone a revolution of data as powerful high-throughput experiments
continue to decrease in cost and increase in scope. This “deluge
of data”, however, is only as useful as the quantitative analysis
methods available to make sense of the information. Scientists have
increasingly looked towards the field of artificial intelligence, in
particular, the subarea of machine learning, for solutions to these
data analysis deficiencies. In this module, students are introduced
the basic frameworks of machine learning (supervised and unsuper-
vised learning) and apply them to biological problems. The module
first looks at historical applications - the use of gene expression
data to uncover gene function and to provide predictive markers
for disease. Then, the module provides a survey of recent trends in
computational biology including sequence analysis and structure
prediction.

3.5.2  Hands-On Details. This component contains two tasks that
can be completed in any order. The first task walks students through
clustering gene-expression data for a yeast dataset. The second
task has students train a model for analyzing gene expression data
of colon cancer patients. In both parts, students run and modify
existing Python3 code. All starter code, instructions and data are in-
cluded in a Git repository that students can check out. The provided
code makes use of the Numpy [20] and Scikit-Learn [21] Python
modules and includes links to cheat sheets for these modules.

3.6 Module 5: Binning Genomes from
Metagenomes

3.6.1 Summary. An exciting bioinformatics advance from the past
few years has been our ability to disentangle microbial genomes
from environmental samples called metagenomes. This has allowed
scientists to study the full diversity of life without needing to culture
these microbes - and the majority of microbes have not yet been cul-
tivated. Our ability to “bin”, or recover, genomes from metagenomes
has revolutionized our view of the tree of life, and changed our
understanding of our own place within that tree of life. In this
module students learn how to bin genomes from metagenomes.

3.6.2 Hands-On Details. This module walks students through the
use of command line tools for analyzing metagenomics data. Specifi-
cally, the module focuses on the use of multi-purpose tool Anvi’o [9].
Students walk through step-by-step instructions to download metage-
nomic sequencing data and apply common analysis techniques such
as assembly and mapping to eventually produce a set of “bins”, or
reconstructed genomes. The module also provides students with
a visualization tool for exploring and analyzing their bins. Other
advanced analysis options are also available within the module.

3.7 Module 6: Artificial Life Agent-Based
Simulations using the GPU

3.7.1 Summary. Artificial life is a field that combines computing

and biology in a different way than bioinformatics. Using object-

oriented programming, we can code the behavior for individual

agents and then fill a world with instances of those agents. In this
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Post-Workshop Student Responses

Disagree
Awareness _ Undecided
Agree
Pursue future
. m Strongly Agree
opportunities

0% 20% 40% 60% 80% 100%

Figure 4: Student post-workshop surveys indicate that they
had increased exposure and awareness of how computation
can be applied to problems in biology. To a slightly lesser
degree students indicated that they intended to continue to

pursue opportunities related to computational biology.

module students fill a world with predator and prey agents. The
predator agents are programmed to chase and eat the prey, and the
prey are programmed to try to escape the predators. By observing
these simple individual-level behaviors, students will see what the
population as a whole does.

3.7.2  Hands-On Details. This component requires that a user have
a CUDA GPU from NVIDIA. If a user does not have this hardware
and still wishes to run the module, they will need to use Amazon
Web Services or another service that allows a user to run with
CUDA GPU. In this module students explore how changing different
parameters affect the resulting predator and prey populations. In
particular, students will aim to identify Lotka-Volterra oscillations
in their simulations.

4 OUTCOMES AND LESSONS LEARNED

We used post-workshop surveys to assess the impact of the work-
shop on both students and module leaders. We also performed a
rigorous analysis of what aspects of the workshop went well and
how future offerings could be improved.

4.1 Student Outcomes

We assessed student response to the workshop using a survey
where students were asked to use a Likert scale to rate their level of
agreement with several statements about their experience with the
event. Figure 4 shows the distribution of the 20 student responses
to the following three statements: (1) Exposure: The workshop
exposed me to novel and exciting applications involving computa-
tion and biology; (2) Awareness: [ am aware of a variety of ways
that computation can be combined with biology; and (3) Pursue
future opportunities: I am likely to pursue future opportunities
(REUs, jobs, graduate school, etc.) that are related to computational
biology. Overall, students showed a high level of agreement with
these statements, indicating that the workshop achieved its stated
goal of giving students a hands-on introduction to how computer
science can be used to help answer important problems in biology.

4.2 Module Leader Outcomes

We assessed module leader response to the workshop using a survey
where they were asked to use a Likert scale to rate their level of
agreement with several statements about their experience with
the event. Most of the module leaders indicated that they either
agreed (2 of 6) or strongly agreed (2 of 6) that they would use
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a module created by another module leader in their own future
classes or outreach. Furthermore, all module leaders agreed that
the workshop had helped to expand their computational biology
professional network. Thus, we found that the workshop had a
positive impact on the professional careers of the module leaders.

4.3 Lessons Learned

After the workshop we used both student and module leader com-
ments from surveys as well as observations during the workshop
to identify aspects of the workshop that went well and areas that
could be improved for any potential future offerings.

4.3.1 Aspects of the workshop that went well. The use of student
assistants prior to the workshop for beta-testing the modules was
extremely useful. In addition to catching technical issues, they were
also able to identify potential areas of confusion with the modules,
especially for students with limited computer science background.
As a result, the modules were much more robust. Furthermore, we
found that the students who served as student assistants repre-
sented an even more broad swath of students (including non-STEM
majors) who were then exposed to the module material.

Since the workshop occurred during the school year, we were
cognizant that the student participants would need to balance class-
work with their attendance at the workshop. We found that the
one and one half day length of the workshop (with generous time
for breaks) provided a good balance by allowing time for a wide
array of different module topics, but also allowed students time
to dedicate to their studies. The half day on the second day of the
workshop also allowed time for students from other colleges to
travel back to their home institutions. Finally, the length of time
encouraged students to interact with each other, including across
college boundaries.

4.3.2  Aspects of the workshop that could be improved. We identi-
fied three areas of the workshop that could be improved in future
offerings.

First, since we only required that students have the equivalent
of a CS1 course, the participating students had a wide range of
computational experience from students who had only taken one
CS course, to seniors that had completed the major. This made it
challenging to have modules pitched at the correct level for all
student participants. In future offerings of the workshop, we will
try different approaches to better match module content to stu-
dents’ computational background. Specifically, we plan to either
break modules into levels (e.g., beginner, intermediate, advanced)
or to have each module contain different hands-on components for
students with different levels of background. This approach will
allow us to still keep the workshop open to as many students as
possible.

Second, the module materials were only discoverable to those
who found the associated website either through a workshop orga-
nizer, a module leader, advertising materials for the workshop, or
through tweets about the event. We plan to address this issue by
partnering with QUBES [3], an organization specifically dedicated
to addressing challenges in quantitative biology education. In partic-
ular, QUBES offers an online infrastructure for hosting workshops
and the associated materials that will automatically make these
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materials more easily accessible to the wider quantitative biology
community. We will create a group on the QUBES platform to host
all materials from previous and future offerings of the workshop.
Finally, several of the modules required specialty software (and
in one case hardware, i.e., NVIDIA GPU) to be installed prior to the
workshop. This can make it more challenging for others to adopt
the use of these modules or for students to try out different modules
on their own. In future offerings of the workshop, we hope to move
some modules to online coding environments, such as Repl.it, that
only require a user to have a web browser. Other options would
be to use other container style environments such as a Docker
image [18] or the online workspaces provided by QUBES [3] that
allow participants access to an online environment with associated
software already installed, rather than having to install locally.

5 CONCLUSIONS

We found that the 2018 Undergraduate Computational Biology
Workshop was a success towards our goal of exposing computer
science students to how computation can be applied to important
problems in biology. However, more work is needed to ensure that
more undergraduate students have the opportunity to be exposed to
computational biology, especially those at small liberal arts colleges
where no current faculty have experience in the field. We hope
that by making all the resources from this workshop available to
the larger education community, other educators will be able to
utilize these resources in their own classes. We also expect that
the lessons learned from the initial offering of this workshop will
be useful towards improved iterations of the workshop in future
years that will enable more undergraduates at liberal arts colleges
to be exposed to the exciting and growing world of computational
biology. Finally, we recommend the structure used in this workshop
to enable undergraduates to experience the breadth of applications
of any computer science subfield.
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