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INTRODUCTION

ata science is becoming increasingly ubiquitous in

nearly every industrial field"# and has found trac-

tion in chemical engineering®®-! (ChE), yet instruc-
tion is sluggish in primary education and only recently be-
ginning to diffuse out of computer science coursework in
higher education.” Current strategies include incorporating
novel techniques into existing coursework and targeted ap-
proaches such as data science specializations, but the norm
is not yet matching the need in industry.”' Resources for
students to seek out on their own, such as online coursework
or articles, often describe methodologies in the contexts of
traditional computer science and do not provide case studies
relevant to chemical engineers. Data science is an umbrella
of topics and tools that need to be discussed in the context of
their application."”! The disparity between the applications
of data science to ChE topics and their joint instruction calls
for more opportunities for students to learn and apply data
science to ChE problems.

From a pedagogical standpoint, active learning has re-
ceived a lot of recent discussion."'""! The stated primary
objective of active learning is to engage the student in the
learning process. This goal seems intuitive and straightfor-
ward, but it is difficult to prove with evaluated outcomes that
active learning methods are always the optimal choice. Im-
provements in learning outcomes are associated with more
subtle design choices, such as cooperative settings, instruc-
tion during problem solving, and centering learning around
an inquiry or problem."> Subsets of active learning method-
ologies, such as Inquiry Based Learning (IBL)!"% and Prob-
lem Based Learning (PBL).,!'” focus on providing students
with an exploratory task through which they discover key
concepts and effective strategies for themselves. The core
necessities for these types of methods to be beneficial are to
provide students with sufficient motivation and give them an
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opportunity to collaborate.!'® We have already seen project-
based coursework being used to teach data science;!'” the
challenge remains integrating it in the contexts already be-
ing explored by ChE students. One method that could be
used is “coopetition,”?*?2 where students work in teams on
a problem with access to learning resources.

While designing and incorporating active learning of data
science into chemical engineering curricula would improve
students’ skillsets, reforming degree tracks requires a lot
of planning and can be slow. Optional learning opportuni-
ties,*24 such as the herein presented chemical engineering
hackathon (C-HACK), provide students with intermediate
agency in their learning of this subject matter. C-HACK is
an optional 2-week active learning event designed to teach
students data science in the context of chemical engineering.
The event was conducted in 2021 and 2022. The primary
objectives of the event were:

e Objective 1: Provide an opportunity for undergraduate
ChE students to gain data science skills, regardless of
initial level of comfort with the material, specifically tar-
geting groups typically under-supported in computing.

e Objective 2: Give students an opportunity to work in
teams to solve a current industrial problem in a limited
amount of time using the skills from Objective 1.

Objective 1 stemmed from two subgoals. First, there was
no bias or discrimination in terms of registration and partici-
pation in the event such that those who were not yet com-
fortable with writing code and working with data, including
individuals more likely to feel disconnected from STEM and
computing,* including women, still signed up. The second
subgoal was that all students were able to tackle the prob-
lems in Objective 2. To fulfill the first subgoal, no experi-
ence was required, and the material was prepared assuming
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participants had no data science background. Contemporar-
ily, participants needed only an internet connection. To ad-
dress the second subgoal, the first week of the event con-
sisted of a series of interactive tutorials ranging from the
basics of Python™ coding to some machine learning topics
that could be used for Objective 2. Python was chosen as
the coding language to teach data science as it is extensively
used for data science applications and has an active open-
source community.?627!

Objective 2 aimed to provide students with an experi-
ence in team dynamics so that they could develop soft skills
sought after by industry employers. To fulfill this goal, the
second part of C-HACK consisted of a timed hackathon us-
ing real data provided by Dow, Inc. (“Dow”), where stu-
dents had the opportunity to work with industry representa-
tives. The hackathon portion of the event is a reward style
coopetition where participants compete in teams to tackle
a problem. To recognize student achievement, participants
received official certificates for their work, and top teams
won monetary prizes and awards.

An overview of the event, including the organizational
period, the tutorials, and the hackathon, is shown in Figure
1. In the following section we describe the detailed format
of the event and assess our objectives as measured through
participant self-evaluation surveys.

EVENT DETAILS

The fully virtual event took place over the first two weeks
of the students’ winter quarter. An overview of the event is
shown in Figure 1. In what follows we describe the organi-
zational period of the event (Figure 1a), such as how com-
mittees were formed to create the content, how the schedule
was created, and how the event was advertised and incen-
tivized. We then discuss the tools used to facilitate learn-
ing and introduce data science. Next, we detail the tutorial
content and format (Figure 1b), and finally the structure of
the hackathon and the problems that were presented to the
participants (Figure 1c).
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Figure 1. Overview of the two-week event. a) Planning Period. Committees were created to evaluate tutorial content,
assist with tutorial delivery, and evaluate participants’ work on their projects. The format and content of the event were
designed to adhere to Objectives 1 and 2, including student incentives, software, scheduling, tutorial material, and hack-
athon problems based on industrial data. The event was advertised through fliers, virtual info sessions, and before core
undergraduate class lectures. b) Event Starts with Tutorials. After an opening ceremony where the agenda, resources,
and industry representatives were introduced, one week of evening interactive tutorials on Python and data science
topics was conducted. c) Hackathon for ChE Undergrads. Two days after the last tutorial, representatives from Dow
introduced their dataset, the story behind it, why it is important, and the coopetition problems to choose from. Partici-
pants had four days to use data science to work on the problems. Two office hour periods were open for students to ask
organizers and industry representatives about the data and problems. The office hours were recorded and made avail-
able to all participants. After their work was turned in, participants gave 10-minute presentations. Rubric assessment by
Jjudges was conducted on the students’ work and an award ceremony followed. The Dow Logo is a trademark of “Dow,
Inc.” (“Dow”) or an affiliate of Dow.
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Event Planning

The event was organized over approximately six months
to address the objectives. The organizational steps are shown
in Figure 2. Industrial representatives were contacted to find
a partner that could provide data, participate in the organiza-
tion of the event, and interact with participants. Dow agreed
to provide industrial data and organizational time. The team
of organizers discussed an emphasis on team dynamic soft
skills that industry looks for in potential hires, which led to
Objective 2 and the hackathon structure. It was decided that
students would work in teams to use data science to solve
open-ended problems on the Dow data and present their
work to judges (see section Hackathon). To provide mo-
tivation in the coopetition setting, 20 monetary and social
incentives were included.”® Participants received a free t-
shirt and a mug, and those who turned in work were given an
official certificate of completion. The certificate gave them
the option to advertise their work on our website and men-
tion their participation on their resume. Students could also
receive monetary prizes and awards for exceptional work.
The C-HACK event was conducted with these industry
partners in 2021 and in 2022, with both years organized by
the same methodology; however, the work presented in this
manuscript details the specifics of the 2022 event.

We did not want the event to appeal only to those already
familiar with data science in accordance with Objective 1, so
the first part of the event was a series of tutorials to introduce
and explore data science tools. To maximize participation,
polls were given to undergraduate students to determine
what logistic choices would be most appealing. These in-
cluded determining what time during the academic quarter
students would be most available, what times of day during
which tutorials could be conducted given class schedules
and student desires, rest periods between tutorials and the
hackathon portion of the event, and how much time they
would be willing to commit. Poll results contributed to the
hackathon structure with one week of tutorials and one week
of coopetition. We wanted these tutorials to be encouraged
but not mandatory so that participants could join for any
content they were unfamiliar with.

Volunteer committees were organized to help conduct the
event (Figure 2b). To align with Objective 1, a committee of
instructors was organized to produce and deliver the tutorial
content, and a set of undergraduate tutorial evaluators vol-
unteered to give feedback on quantity and clarity of tutorial
content before it was delivered. A group of graduate students
familiar with the tutorial content volunteered to assist with
the tutorials. A committee of post-doc, faculty, and industry
judges worked together to design and use a rubric to evalu-
ate the final deliverables of the team projects. The number
of organizers and approximate time commitments are shown
in Table 1. Note that the number of people for some groups
would scale with an event with more or fewer participants.
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Figure 2. Workflow of the planning of the event over about
6 months to address the objectives. a) Chemical engineering
undergraduates, a group of organizers, and a group of indus-
try representatives contributed to the event. b) Committees
were created to help produce the event. A set of ChE under-
graduate students volunteered to give feedback on tutorial
material. Tutorial instructors, including a group of graduate
students, volunteered to create and deliver to assist partici-
pants during the tutorials. Volunteer faculty, post-docs, and
industry representatives evaluated hackathon problems. Box
colors in a) and b) of the figure are a key for who contributed
to the remaining organization. c) Administrative organization
includes how students would be incentivized in a problem-
based learning setting, what times worked best for students
to maximize participation, what software would be easiest
for participants to quickly be able to access and learn data
science, and what industrial data could be used to create
problems. d) The format and general content of tutorials was
determined, problems were crafted based on the data and the
material that could be covered, and tutorials were updated to
best prepare students for the problems. e) The event was ad-
vertised to students, and final details such as a rubric to judge
the final projects and how best to organize student teams were
determined.
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TABLE 1
Organizers of the event and time commitments for event planning and execution.
Group Nulln!)er of Approximate Ti-me Commitment
Individuals (After First Year)
Head Organizers 3 20 hr (15 hr)
Industry Representatives 3 6 hr
Tutorial Instructors (Faculty and Grads) 5 6 hr (3 hr)
Student Tutorial Evaluators (Undergrads) 10 45 min
Tutorial Helpers (Grads) 12 2 hr
Project Evaluators (Faculty, Post-docs, and Industry) 10 3 hr

The event was held entirely virtually, and the software
tools used to conduct the event and facilitate learning were
chosen to make it as easy as possible to participate (see sec-
tion Choice of Software). Registration was free, easy, and
took place through an online registration tool. Registration
was open for any undergraduate student in the department
of Chemical Engineering at the University of Washington
as well as the Chemical, Biological, and Environmental En-
gineering department at Oregon State University. The event
was advertised live and asynchronously on both campuses.
This included fliers on campus, flash presentations before
core classes, and open information sessions. We focused on
motivating the students with what they would receive for
participating, and the emphasis that no experience was re-
quired to align with Objective 1. A website was created as a
hub for information on the event including the timeline, how
to register, a code of conduct, and participation incentives.
Those who registered had access to a group messaging plat-
form to discuss the event and ask questions.

The basic content structure of the tutorials was determined
to introduce data science tools on the 1-week timeline us-
ing the chosen software. To make tutorials as engaging as
possible, we chose to have each be an interactive learning
engagement followed by problems in small groups. See
section Tutorials for details on the content and structure.
We designed two problems for the hackathon portion of the
event. One was more straightforward and the other was po-
tentially more challenging to give teams of all levels oppor-
tunities to apply their knowledge by Objective 1. Both were
open-ended questions about the data provided by Dow and
aligned with their original industrial objective for collect-
ing the data (see section Open-Ended Problems). A rubric
was created to allow for uniform scoring of student’s work
and prizes to be awarded to top performing teams. Tutorials
were updated in order to introduce concepts that might be
helpful for working with these data and problems. See sec-
tion Connecting the Problems to the Tutorials for details.
We determined a strategy of team formation based on best
practices (see section Team Composition).
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We chose to conduct an opening ceremony before the tu-
torials where the timeline, format, and resources were dis-
cussed. During the ceremony, students could interact with
the industry sponsors for the first time. The data and hack-
athon problems would be revealed two days after the tutori-
als ended, so that competition played no hindrance in learn-
ing and was only introduced once teams had been formed
for students to work together within a coopetition setting.
Documents provided to the participants, such as the agenda,
instructions, and code of conduct, can be found in the event
repository.*”!

Choice of Software

Jupyter Notebooks® ¥ using Google Colab® were chosen
to give participants access to data science tools through Py-
thon for both the tutorials and the hackathon. This means
that students could run code without having to install any
software; Colab requires only an internet connection and can
even be used on a smartphone. Colab is also amenable to
collaboration, allowing students to remotely work together
in real time or asynchronously. This ease of use of this tool-
set makes it ideal for increasing participation among under-
supported groups. Jupyter Notebooks are also a highly in-
teractive format of coding, where the user can execute code
snippets and view the results in real time."*!? This includes
numerical results and visualizations that participants can use
to guide their understanding and make meaningful conclu-
sions. Google Drive® was chosen to share all documents and
data as it is easily accessible with the participants’ institu-
tional emails and is connected to Colab. Zoom® was chosen
to host all meetings as it was provided for free to students at
both institutions and allowed for the recording of meetings
for students to refer to later. A Slack® organization (group
messaging service) was created for participants to commu-
nicate with each other and with organizers. With Slack they
could discuss the format of the event or ask coding related
questions. All of these tools can be accessed using just an
internet connection.
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Tutorials

Five two-hour tutorials were given over five weekdays
in the evening on Zoom. Each consisted of 50 minutes of
discussion-like active learning experiences, then a 20-min-
ute break, followed by a set of problems that students could
work on together in small groups. Attendance was not man-
datory but was encouraged, so that individuals of all profi-
ciency levels could develop their coding skills. The topics
covered in each tutorial are outlined below:

e Introduction to Python — how to use Python in Jupyter
Notebooks on Colab, Python syntax, variables, data
types, and code commenting

e Flow control — conditional statements, loops, func-
tions and basics of functional programming

e Data structures — organizing, storing, and working
with data, NumPy ¥ and Pandas B4 libraries

e Visualization — producing informative visual commu-
nications of data or results, Matplotlib 3! library

e Project dependent topic — statistics, regression, unsu-
pervised clustering algorithms

Each tutorial was given in the form of a Colab notebook
that was reviewed by the undergraduate tutorial evaluation
committee. The specific content was chosen to give partici-
pants a pure introduction to coding and build up to using
Python to conduct data science tasks, so that participants of
any level could benefit. No 10-hour course can extensively
explore data science using Python, so we focused on intro-
ducing specific tools and applications to enable students to
work on the hackathon problems at a basic level and ap-
ply them elsewhere. Links to additional resources such as
explanations and useful Python libraries were included to
give participants more opportunity to explore. The tutorials
were designed to be continuous such that each day built on
previous days. To maximize continuity, we used the same
dataset to explore different Python tools throughout the tu-
torial. The lecture notebooks contain pre-filled instructional
content described by an instructor and active exercises the
instructor completed with students. Questions, pauses, and
tangents were highly encouraged to maximize inquiry and
exploration by the students. The lectures were all recorded
for participants who could not attend the tutorials. After each
active learning portion and a break, students were split into
small groups of 3-5 and given 50 minutes to solve coding
problems related to the lecture. The small group format was
chosen as it has been shown to provide the benefits of coop-
eration on learning.*® Assistant instructors familiar with the
material were available to give guidance and facilitate coop-
eration. Given that Zoom allows for screen sharing and the
work is done entirely on a virtual notebook, students and in-
structors could display their work and progress. The tutorial
notebooks are openly available in the event repository.*
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Team Composition

We wanted the format of the teams for the hackathon to
provide the best opportunity for participants to develop team
dynamic soft skills. We chose to have a maximum team
size of four participants. Participants were allowed to sign
up as a team. In accordance with Objective 1, we also en-
abled individual sign-ups to encourage those without previ-
ous coding experience or interested friends to participate.
We took special care to balance the solo participants who
did not have teammates as follows. Each participant filled
out a survey asking for their class level, gender identity, and
comfortability with Python on a scale from one to five. An
in-house Python tool was created to sort through participants
and place them on open teams to minimize the standard de-
viation of all teams’ “scores,” which were computed as a
weighted sum of participants’ class level and Python skills.
This is especially important because undergraduate students
of any age were encouraged to participate, and we wanted
to ensure that younger students had opportunities to learn
from the soft skills of their older peers, and new coders from
experienced coders. Finally, the tool enforces that no self-
identified woman or non-binary individual was on a team
alone, as these voices have shown to be overshadowed by
men when singled out in STEM settings.*”! The in-house
tool is rudimentarily similar to tools such as CATME, while
also allowing pre-selected teams.”*® It may be worth incor-
porating these more sophisticated tools in the future. The
Python tool is freely available in the event repository.?” In
summary, some participants signed up as a closed team, oth-
ers as an open team of less than four, and others alone, where
unassigned participants were added to open teams (or new
teams) according to the Python tool.

Hackathon

Two days after the tutorials had concluded, the represen-
tatives from Dow announced a real dataset and two open-
ended problems for teams to choose from. Documents de-
scribing the problems and the data were shared with the
participants via Google Drive. A folder was shared uniquely
with each team for them to work together in and turn in their
work. Teams had four days to address the problem state-
ments using Python and provide the work they completed
in the form of a Colab notebook and a short one-page de-
scription of what they did. Finally, two days after the work
was turned in, the students were asked to give a 10-minute
presentation on their work to a collection of evaluators. The
evaluators gave scores to teams based on their coding work
and final presentation according to a rubric. Scores were
normalized and averaged to award first through third place
teams cash prizes for each of the two problems. Teams also
received certificates for their project description and presen-
tation. Detailed instructions and templates were provided
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to the participants. These and the rubric can be seen in the
event repository.?”!

Open-ended Problems

As opposed to highly structured problems, open-ended
problems give students an opportunity to engage and de-
velop their own problem solving skills. Problem solving is
touted as the central theme of engineering, but it is unclear
how to best design an open-ended problem to develop prob-
lem solving skills.®”! Not all engineering problems are the
same, and so not all problems draw on the same set of profi-
ciencies. Instead, they tend to be ill-structured, where not all
elements of the problem are known with confidence, criteria
for success may be variable or unknown, and do not possess
a set solution path. Jonassen identifies problem types such
as design, selection, and troubleshooting, among others.""
To align with Objective 2, the hackathon problems should
mimic the open-ended qualities listed above, with the only
difference being that participants have access to profession-
als who have worked on the data previously.

The dataset given to the students is a set of measurements
taken from 33 positions spatially distributed within a rectan-
gular basin in Dow’s East Waste Treatment Plant (EWTP).
EWTP is a typical activated sludge aeration basin “! used
to treat organic pollutants before discharging effluent into
receiving waters. Outfall at EWTP would intermittently ex-
perience elevated solids and total organic carbon, regulatory
compliance parameters, which could result in production
curtailment. The samples were collected via a drone, and
measurements include temperature, suspended solids, metal
concentrations, pH, among others, as well as bacterial abun-
dance at taxonomic levels from kingdom down to species.
Some classes of bacteria could not be identified so remained
classified as “Unknown”. The true identities of the bacte-
ria and metals were replaced with encodings for proprietary
reasons. Code and a starter notebook were provided to the
participants to expedite data loading from file and aggrega-
tion to a desired taxonomic level.

The students were asked to use this information to explore
relationships within the basin and comment on potential
causes. In Problem 1 participants were tasked with produc-
ing a metric for basin performance and using this to visu-
alize the operation of the basin over space. This provides
a means for participants to make qualitative assessments
based on their own metrics. In Problem 2 participants were
asked to explore the distribution of bacterial abundance
across the basin, identify any heterogeneity or clusters in the
bacterial population, and identify any association between
bacterial abundance and metal concentrations. Data science
methods discussed in the tutorials could give insight on
these tasks, but there was no “known” final answer that the
students had to reach. Instead they had to make and justify
their own conclusions. The detailed description of the basin,
22

problem statements, and provided code are available in the
event repository.”*”!

These two problems fall in the category of troubleshoot-
ing; the waste basin is experiencing issues, and the partici-
pants are asked to investigate the cause. They are mostly
unstructured in that there is no fixed solution path, and there
is no strictly defined definition of success. Participants must
explore the data and come up with their own strategy to un-
derstand the basin’s function. We would like to note that the
focus of this communication is not on the specific problem.
The most important aspects of the problems are the use of
industrial data to explore a real problem and the open-ended
nature of the tasks. This gives teams the opportunity to use
the tools available to them and their intuition to extract rele-
vant information from the real world in IBL fashion, as they
would if working on a team in industry. Readers looking to
conduct a similar event should focus on finding an industry
partner that can provide a dataset with these qualities, not
the particular problem presented here; a willing industrial
partner that does work related to the chemical engineering
topics covered in the department will be able to help craft
a good hackathon problem. The students had the chance to
interact with the industry sponsors at the opening ceremony,
and to chat about the specifics of the problems during Zoom
office hours and project presentations.

Connecting the Problems to the Tutorials

To provide the participants with knowledge of potentially
useful tools related to these problems, the tutorial content
was created with the problems in mind. Specifically, Tutorial
4 gave particular emphasis to visualizing data in space and
in creating three dimensional plots. Tutorial 5 covered some
basic statistical topics and discussed unsupervised machine
learning, including basic clustering algorithms. Lastly, the
dataset used throughout the tutorials was a record of storm
events in the United States from the National Oceanic and
Atmospheric Administration (NOAA) archive,*” which was
formatted in latitude, longitude, and space similar to how the
problem dataset was formatted in depth, width, and length of
the basin. These choices ensured that the participants were
introduced to tools that might be helpful when addressing
the problems.

RESULTS AND DISCUSSION

In total, 107 students from both campuses (22 OSU, 85
UW) participated at some level, and 67 in 19 teams complet-
ed their team-based activities in the coopetition. Before and
after the event, students were asked a series of eight ques-
tions via a survey to understand how well we accomplished
the event goals, listed in Table 2. A PDF of the survey can
be found in the event repository.?! Qualitative questions (all
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but the first question) were given on a
scale from 1 to 5. For the first question
(“Gender: How do you identify?”) stu-
dents were given options of “Female”,
“Male”, “Transgender”, “Gender vari-
ant/non-conforming”, “Prefer not to
disclose,” and “Other.” These options
were not mutually exclusive. We refer
to those that identified as male as men
and those that identified as female as
women. Abbreviations for the survey
questions are listed in column two and
used to refer to the questions hereafter.
The objective that the questions aimed
to measure is listed in column three.

A total of 79 participants responded
to the survey before the event; 30 iden-
tified as men, 47 identified as women,
and two identified as “Other” or “Pref-
ered not to disclose.” Given these
responses, we cannot meaningfully
comment on the effect of the event on
nonbinary individuals, but if we com-
pare the ratio of women to men to the
overall population in ChE at the Uni-
versity of Washington (46%), we can
see that feedback on the event was
preferentially provided by women. It
is unclear if the distribution of gender
identities for those that filled out the
surveys is representative of the 107 to-
tal participants.

For the first survey, the responses to
the questions by women and men is
shown in Figure 3. There was room for
improvement by both men and women
for all topics; however the students
were least comfortable with the three
python related topics (Data Types,
Flow Control, and Python Visualiza-
tion).

A total of 39 participants responded
to the survey after the event concluded.
The responses to the questions among
the overall population before and after
the event are shown in Figure 4. We
see that while Objective 2 responses
did not substantially change, responses
to Objective 1 questions related to Py-
thon showed significant improvement
due to the event. The magnitude of
these improvements in terms of effect
size is shown in Table 3. The p-value
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TABLE 2
Questions asked to participants and the goal they measure.
Question Asked Abbreviation Primary Objective
“Gender: How do you identify?” Objective 1
aLﬂu}}d@mt&nd what variable data types “Data Types” Objective 1
I under.stand the ioncepts of flow “Flow Control” Objective 1
control in Python.
“I am comfortable with using Python «
. Lo Python .
to visualize and analyze scientific data . S, Objective 1
. Visualization
for problem solving.
“I am comfortable working in teams
to SOIYG problems by dividing Fhe . “Team Projects” Objective 2
work in subtasks and communicating
my progress.”
“I am comfortable working on open-
epded problems (where there is no “Open Ended” Objective 2
single correct answer) to find a solu-
tion by brainstorming with my team.”
“I am comfortable writing and orally
presenting work I have done on open- | “Communication” Objective 2
ended problems.”
“I feel I have opportunities to apply
what I am learning in my degree “Degree o
on problems similar to what I will Applicability” Objective 2
encounter in the future.”
b N Men IR
ython Visualization Women
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Flow Gontrol " women mmm—=—
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Figure 3. Average response to the seven qualitative questions asked of participants
before the event, by self-identified man or woman. The black lines are one standard
deviation. The responses for the three Python related questions show the most room

Sfor improvement.
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indicated by the two-sided unequal variance t-test is shown
in the third column, where statistically significant changes in
response are emphasized. In order to remove the possibility
of survey bias, we also computed the significance for the
subset of participants that responded to both surveys in the
fourth column. While the average change in response was
positive for each question, only Objective 1 questions have
improvements greater than 1.0 effect sizes.

Finally, to assess the change in comfortability of individu-
als, especially among women who are traditionally under-

supported in computer science and STEM,*"#! we consider
the participants (n=34) who responded to both surveys. Of
these, 19 self-identified as women and 15 self-identified as
men. Figure 5 shows the distribution of the difference in stu-
dents’ responses between the two surveys. The distribution
of improvement, represented by positive change, is skewed
most positive for Objective 1 questions. On average, the im-
provement for women is greater than the improvement for
men, indicated by vertical lines plotted over the histogram.
For Objective 2 questions, we note little to no improve-

ment or even a reported decrease
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in comfortability by men for some
questions. While they are not statis-
tically significant, it is an interesting
observation. This may be due to some
teams having to rearrange or drop out
due to participants not having time
to contribute. We do note that teams
that completed the projects scored
well on their rubric-evaluated oral
presentations, at 70.0% on average.
The subsections of this score (oral
presentation, teamwork, and project
results) directly correspond to three
Objective 2 questions. See the rubric
in the event repository for details.*”!

CONCLUDING REMARKS

We have shown that a learning-
centered coopetition is an effec-

Figure 4. Average response of all participants to the qualitative questions before
(79 response) and after (39 responses) the event. Black lines are one standard devia-
tion. Among the Objective 2 questions, we notice no improvement within confidence.
For Objective 1 questions, we see significant improvement before and after the event.

TABLE 3
Improvement in confidence for six qualitative questions after the event.
Statistically significant changes in response are emphasized in bold text.
Quesion [ tmprovemene | e 1 e e

“Data Types” 1.34 8.52 E-9 9.64 E-4
“Flow Control” 191 120 E-14 534 E-9
“Python Visualization” 1.16 1.02 E-6 131 E-3
“Team Projects” 0.11 529 E-1 4.86 E-1
“Open Ended” 0.04 8.57E-1 598 E-1
“Communication” 043 3.08 E-2 2.61 E-1
“Degree Applicability” 0.21 2.81 E-1 10
“Number of effect sizes improved, where effect size is computed as the average of
standard deviations of the pre and post populations.
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tive method for introducing Python
and data science in the context of
chemical engineering problems. Par-
ticipants of the event reported sig-
nificantly increased confidence with
Python-related topics after the event,
with a more pronounced reported ef-
fect for those that identify as wom-
en. This is encouraging, as women
have traditionally had less support
in data science related topics. Inter-
active tutorials  on coding basics
using relatable datasets help prepare
students to work in teams to explore
real chemical engineering problems
with data science. While we did not
measure substantial improvements
in self-evaluated team soft skills, a
coopetition provides students with
an opportunity to work and commu-
nicate problems in a fashion similar

Chemical Engineering Education



to how they would in industry. Additionally, students per-
formed well on their rubric evaluated final presentations,
which corresponded to this objective. The presence of in-
dustry representatives and monetary rewards gives students
additional incentive to work through the problem. Optional
events such as these allow students to learn (and prove that
they have learned) data science in the context of real chemi-
cal engineering problems. C-HACK hence helps to fill the
increasing demand for students with both data science and
chemical engineering skills in industry.
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Figure 5. Histogram of change in survey response, for each of the 7 qualitative questions by 34 partici-
pants that responded to both surveys. Histograms are stacked such that responses by women (orange)
and men (blue) together compose the overall distribution. A positive change indicates that the partici-
pant reported improved confidence to the question after the event compared to before, while negative
indicates that confidence was decreased by the event. A black vertical line is shown at 0, representing no
improvement. The average change for men and women is shown as vertical lines. We see that for Objec-
tive 1 questions, where the average improvement is significantly more than 0, women reported a larger
improvement than men in all cases. This is most significant for the data type question.
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