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ABSTRACT
Data science is a growing field at the intersection of mathematics,
computer science, and domain expertise. Like many universities
that are building data science degree programs for undergraduates,
our small, liberal-arts university saw increasing opportunities in the
region and decided to build a data science degree from the ground
up, without a pre-existing computer science (CS) department to
leverage for courses or culture. We designed and implemented an
academically-demanding curriculum that combined mathematics,
information systems, and new data science courses, and that also en-
couraged and supported student success. Each introductory course
included active learning design to engage students. To increase
retention, all major courses included assignments designed to build
skills but also student confidence in their ability to learn challenging
technical topics. Outside of the classroom, we created opportunities
for professional advancement and developed a technical culture at
the university. We will share our approach, course highlights, and
lessons learned from building such a curriculum at an institution
without a CS department.
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1 INTRODUCTION
Data science, sometimes also referred to as data analytics, is an
emerging, interdisciplinary field to manage, organize, and extract
“actionable knowledge directly from data through a process of dis-
covery, or hypothesis formulation and hypothesis testing” [6]. Data
∗Both authors were faculty at Chatham University at the time.
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scientists leverage technical skills and systems for working with
data to solve problems in specific application domains. Good data
scientists must have a strong foundation in statistical analysis to
make sense of their data, and communication skills to disseminate
their results within the context of their organization. Data science
is not simply about the mechanics of data processing, but also the
legal and ethical considerations of collecting, storing, and analyzing
massive amounts of information [5].

Historically, data scientists have entered the workforce through
computer science and statistics degree programs and many of them
have PhDs [15]. However, in recent years, more universities are
adding data science majors at the undergraduate level in order to
meet the workforce demand of this growing field. In December
2016, the McKinsey Global Institute published a report indicating
that, in the near future, there could be a shortage of up to 250,000
jobs in data analysis despite 7% growth in data scientists entering
the workforce, many through these new undergraduate degree
programs [19].

With a cursory review of current data science programs across
the US and internationally, we notice that data science courses and
entire majors do highlight the interdisciplinary nature of data sci-
ence and/or data analytics at both the undergraduate and graduate
levels. These programs focus on the math, science, and computer
science (CS) aspects by leveraging pre-existing courses in computer
science, statistics, and machine learning. However, this methodol-
ogy is simply not feasible for the many small universities that do
not have pre-existing technical majors to grow from.

On small liberal-arts university campuses without CS like our
own, few students arrive with prior interest in computer science
or data science disciplines [1, 3]. Students with little interest may
find the discipline to be intimidating. They may have come to
the institution for other intellectual pursuits. At the same time,
data science programs must be rigorous enough for students to be
able to compete for jobs against their peers at other universities.
Convincing students that data science is a useful discipline and
all students have the potential to succeed is quite challenging yet
similar to the challenges faced when broadening participation in
computer science [12, 20, 22].

Many computer science degree programs, and STEM programs in
general, have been proposing ways to attract and retain students for
decades. Our approach to attracting and retaining students largely
follows Jolly, Campbell, and Perlman’s Engagement, Capacity, and
Continuity trilogy of characteristics for success in STEM fields
[4, 13, 14] that have been applied to many different settings (e.g.,
[18, 23]). In particular, they argue that in order to be successful,
students must be engaged to be attracted to the major, they must
be shown they have the capacity to learn the material, and they
must be provided with institutional and programmatic continuity
and opportunities for advancement in the field.
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We applied this trilogy throughout the design of the data science
major curriculum, the implementation of the classes, and culturally
through advising sessions and interactions with students. We asked
students to evaluate the curriculum and their experiences before
and after each of their classes. In this paper, we discuss our uni-
versity learning environment, approach to the data science major,
learning objectives and curriculum, student learning outcomes in
several classes, and insights and challenges of implementation.

2 UNIVERSITY AND LEARNING CONTEXT
Our University has around 1,100 undergraduate students total
across all majors in the fields of Humanities, Arts, Business, Sci-
ences, Social Sciences, Education, Architecture, Sustainability, and
Health. Traditionally, our students value very small class sizes and
one-on-one attention from professors. Without many technical
courses, the University tends to attract students with little to no
math or computing interest or experience. However, it is located
in the heart of our city’s high-tech industry, and is surrounded by
an increasing number of high-tech firms seeking talent and several
higher-education institutions with strong degree programs in com-
puter and data science. Because of the growth of tech companies
and technical positions in the city, there are many opportunities
and also competition for jobs in the area.

In 2016, the Business and Science Departments collaborated to
propose a new major in data science to bootstrap the University’s
offerings in applied technical degrees and to capitalize on the grow-
ing need for data scientists regionally and globally. The University’s
administration supported the rapid launch of the major and the
decision to house the major within the Business Department. In
the Business Department, the data science students have ample
opportunities to work with and learn from business students and
faculty in order to become business translators who not only un-
derstand the data science but can also translate those results to a
non-technical audience [19]. At the same time, the intensive focus
on computing and mathematics make the data science students’
learning experiences quite distinct from that of their peers in dif-
ferent business majors (marketing, accounting, management, etc).

3 CURRICULUM DEVELOPMENT
Without many existing technical courses to leverage, we were
able to design the learning objectives and the curriculum from
the ground up, based on our students’ needs as well as important
skills that the industry is looking for in graduates today. In addition
to determining courses and topics, we also focused attention on
strategies to attract and retain students from our University to the
major, given the potential lack of interest in data science and lack
of confidence in their math and science skills. In the end, our goals
were to achieve academic rigor to ensure our students can compete
for jobs regionally and globally, while also helping the students be
successful by 1) making the topics approachable for students with
no prior computing experience and applicable to students’ broad
interests and 2) building student confidence in their new skills and
demonstrating that they have the intellectual capacity to succeed in
the major, and 3) providing students with the opportunities outside
the classroom to advance their careers.

3.1 Support Inside and Outside the Classroom
To design the data science major holistically, we chose to draw from
Jolly et al.’s Engagement, Capacity, and Continuity trilogy of charac-
teristics for success [13] as it aligned well with our goals. It allowed
us to think about the entire culture around the major, including
recruitment, retention, graduation and professional relationships.

Engagement. We believe that the placement of the major in Busi-
ness made it more approachable to students with little to no tech-
nical confidence or experience nor prior interest in a technical
education. We use introductory business classes as an opportu-
nity attract and engage with students who may have an interest
in the applications of data science within business domains such
as marketing and accounting and also within other majors such
as sustainability that heavily depend on data. We also work to re-
cruit students in our business classes who are very curious, willing
to work hard, and willing to learn from mistakes. Once a student
enrolled in our courses, we take an active learning approach to en-
courage continuing engagement with the material within lectures
and in homework assignments, as it has been recognized to do in
statistics education [16] and computer science education [17].

Capacity.We focus on building self-confidence and pride in their
work in order to help retain students who enroll. We structure
our classes to support this learning style by providing frequent
reassurance, help, and feedback as students learn new skills. Our
assignments and subsequent class discussions demonstrate and
reinforce that all of the students have the capacity to learn the
new material and can succeed. Because data science often requires
failures among successes in order to build intuition for data and
models, we also encourage a “growthmindset” [7] and perseverance
through challenges [11].

Continuity. Because the major is unique at our University, we
also needed to build a community around data science outside of
the classroom.We created active mailing lists where we can post rel-
evant articles and jobs. We hold resume and interview preparation
sessions, and encourage active participation in two new clubs that
were started by students with our help. The clubs allow students
to interact professionally outside of class, share their experiences,
and support each other through different challenges they may face.
Finally, we formed a data science discussion series to bring in fac-
ulty from other fields to speak about their needs, applications and
challenges with data, and discuss internship and job opportunities.
All of these efforts build a culture around the major and a reputation
that students are well-supported and successful.

3.2 Courses
Based on data science curriculum guidelines (e.g., [2, 5, 6, 8–10])
and resources available at the University, the major was designed to
take advantage of existing and revitalized courses in Mathematics
and Management Information Systems (MIS) with a handful of
newly designed courses on Data Science (Table 1).

Our curricular approach is heavily scaffolded with many courses
requiring others as prerequisites. Because our students enter with
almost no experience in computer science or programming and
many had never considered a technical major, we designed the first
several courses to build up their skills and provide many opportu-
nities to practice the skills in and out of class. We teach computer
science skills in Introduction to Programming which includes a
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Course Name Topics Prerequisite(s)
Intro. to Programming Representation, Abstraction, Functions, File I/O N/A
Intro. to Data Science (see Section 4.1) Intro to Programming
Data Visualization Psychology of vision, Graphics, Interaction design Intro to Data Science
Machine Learning and AI (see Section 4.3) Intro to Data Science, Calc. III, Lin. Algebra
Data Science Senior Capstone (see Section 4.4) (senior status)
Statistics Introductory Probability and Statistics N/A
Discrete Mathematics Logic, Proofs, Computability N/A
Calculus I Derivation N/A
Calculus II Integration Calculus I
Calculus III Multivariate calculus Calculus II
Probability Simulation, Markov Models, Probability Distributions Statistics
Linear Algebra Matrices and Linear Algebra Calculus III co-requisite
Information Systems and Operations Introductory Networks, Hardware, Software, Databases N/A
Information and Cybersecurity Vulnerability and Threat Analysis and Mitigation Info. Systems and Operations
Database Management Systems (see Section 4.2) Intro. to Programming
Business Research Methods Research methods and Analysis Statistics

Table 1: Data Science Major courses and descriptions divided into three sections - data science core classes (top), mathematics
(middle), and business/information systems (bottom). Bold represents new or revitalized courses for the major. Note that the
business courses are non-technical introductions and overviews except for Database Management Systems.

culminating project on an application of their choice to keep them
engaged (commonly video games and robotics). Similarly, the Intro-
duction to Data Science course teaches data science-specific skills
within the data science process and then provides students the
opportunity to repeat the process on a data science project of their
choice (e.g., sports analytics, accounting audits and fraud, box office
ticket sales for movies). These projects create a sense of pride and
accomplishment after a semester of hard work, and builds their
confidence in their technical capacity.

The mathematics courses build maturity around the concepts
of optimization that our culminating core course - Machine Learn-
ing and Artificial Intelligence - requires. By the time students take
the Machine Learning course they are comfortable reading and
understanding the mathematics of optimization and can also al-
gorithmically translate the math into machine learning programs.
Our business courses help students use their data science skills to
solve real business problems and help them learn how to explain
their work to and interact with business professionals. They get
hands-on experience in applying all of their skills in their Data Sci-
ence Capstone project course where they were assigned a project
to help analyze data for the Business Capstone students.

Unlike data science majors at technical universities, we are un-
able to offer engineering courses on cloud-based big data platforms
or hardware, as such coursework would require dedicated engi-
neering staff support. We also devote little coursework to vendor-
specific platforms or tools, focusing instead on general-purpose
programming languages such as Python and MySQL. The design
decision was deliberately made to foster academic concepts and
skills that are versatile independent of platform environments.

3.3 Learning Objectives
The major’s learning objectives reflect the interdisciplinary nature
of the profession:

• Create effective mathematic solutions to analytical problems
• Create effective solutions to computing challenges in analyt-
ical projects

• Effectively organize andmanage datasets for analytical projects
• Critically analyze problems and identify analytical solutions
• Communicate analytical problems, methods, and findings
effectively orally, visually, and in writing

• Critically evaluate ethical, privacy and security challenges
in data analytics

Each class incorporates at least two of the learning objectives. Tech-
nical, analytical and communication skills are all necessary to be
successful in the data science field and practiced frequently in
projects and presentations. Notably, ethics and privacy are inter-
woven through discussions and assignments in each of the courses.

4 COURSE HIGHLIGHTS AND EVALUATION
In this section, we highlight several of our required courses includ-
ing how we incorporate engagement, capacity, and continuity into
their structures. Additionally, we report on the student evaluations
of the courses and the major.
4.1 Introduction to Data Science
The Introduction to Data Science course serves as the first experi-
ence in the field. Our course has been taught two times with eight
students each semester.1 Students in this course have taken pro-
gramming (prerequisite) but have not directly applied their skills
to data science. The course focuses on the data science process:
data collection, organization, analysis, machine learning, and visu-
alization/communication of results. Algorithms for downloading,
iterating through, parsing, cleaning, summarizing, graphing, and
analyzing data are introduced. Differentiation between and intu-
ition behind the broad categories of machine learning techniques
give students practical knowledge about how to choose which algo-
rithm to train but not how to implement them algorithmically (yet).
Python, Pandas, Jupyter Notebooks, and SciKit-Learn are used.

To make the course approachable and engaging, we split it into
two parts. The first half covers all of the steps of the data science
process. In the first week, students are introduced to the topic of

1While these class sizes seem small, they reflect about 1% of the entire undergraduate
student population and 4% of the first year students at the University per year.
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(a) Programming (b) Visualization (c) Machine Learning

Figure 1: End-of-semester student assessments of their knowledge from before and after Introduction to Data Science.

“I think learning the data science process and actually doing it twice was most enjoyable. And, the best is getting a good accuracy at the end of it all.”
“Overall I really enjoyed the course, I particularly enjoyed being able to do the data science process twice. Once with the 4 smaller assignments and another
with our own projects.”
“being able to do the data science process twice helped solidify my knowledge around data science.”
“The most challenging part of the class is connecting it all together. It is easier to do each step alone, but as soon as it all has to happen within one project, it
seems to become much harder.”
“The first 4 assignments. I think that comes from learning many new things and the trial and error involved. But it was good prep for the project, which
made it easier.”

Table 2: Quotes from students of Introduction to Data Science about what they enjoyed about the course.

research and hypothesis generation and must explore and hypoth-
esize about one of four data sources - weather data, news feeds,
twitter, or earthquake reports. Then, as they learn about each step
in the process, students are given assignments in the context of their
chosen data and hypothesis: downloading the dataset programmat-
ically (1 week), parsing and cleaning the data (1 week), generating
new features (2 weeks), and modeling or analysis (2 weeks). Assign-
ments allow the students to apply what they are studying in class
with an emphasis on data science process, building intuition, and
learning problem solving techniques. They receive ample support
in office hours towards the completion of the assignments and are
awarded a lot of partial credit for attempts.

In the second half, we engage students with discussions and
speakers on topics like data ethics and privacy, and other popular
topics that they hear about but have not studied (e.g., self-driving
cars, recommender systems). During these discussions, students
realize that they already have the basic skills to understand and po-
tentially implement these ideas. Outside of class, students propose
a project to apply the data science process a second time. This time,
they have confidence in their ability to write the code. They receive
less-structured help and focus on independent problem solving.
The last week of the semester is spent listening to students’ project
presentations, and discussing connections and similarities between
them. Projects are assessed on their output - understandable code,
correct models chosen, correct analysis, appropriate visualizations
and presentation. Reinforcing our goal of capacity, students spoke
about how accomplished they felt writing several hundred lines of
code and in completing the data science process independently.

At the end of each semester, we asked students to self-evaluate
their skills on a 7-pt scale in computer science, statistics, machine
learning, and visualization and also to provide feedback about what
they enjoyed and what was challenging in order to improve the
course. The assessment instrument was developed and used in prior
data science courses [21]. Nine students responded out of sixteen.

Figure 1a shows the students’ perceived skill at programming
from the beginning to end of the semester. Students reported not
only an increase in programming ability but also in debugging and
problem solving which are built up through practice on the assign-
ments and the project. One student wrote “My debugging, problem
solving and critical skills have become significantly better. I also
know how to reframe my questions when trying to find answers
from students, professors or the internet.” Similarly, the students
reported good skills in visualization after the course compared to
having very little experience before the semester began (Figure 1b).
Most notably, Figure 1c shows that students had no understanding
of machine learning before the semester but rated themselves as
having some skills by the end of the semester2. Students know how
to look at their data, determine whichmachine learning algorithm is
appropriate, and use Python SciKit-Learn to train and test a model.

We also asked students what they enjoyed most about the course.
Overwhelmingly, they loved the structure of 4 programming as-
signments and a project. Some of their responses are in Table 2. We
believe that the enjoyment of the assignments is directly related to
their challenging yet engaging and confidence-building structure.
The students, many of whom were extremely tentative about pro-
gramming at the start of the semester, are given the opportunity to
learn with extensive support to gain confidence. By the time they
produce a project, they can predict the potential challenges that
they will face and have the tools and support to persevere.

4.2 Business Information Systems Courses
Because much of the world’s data are stored and organized in a
relational format, we require our students to be proficient in rela-
tional database design and queries. The Information Systems and
Operations (ISO) course, required for all business and data science
majors, makes use of active learning assignments to engage students
with no prior interest in technology. To bring relational database
2We only expect a broad understanding of machine learning upon course completion.
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concepts to life, ISO students are asked to run grocery stores that
sell candy. Students play different roles, such as customers who
purchase candy using fake money, managers who hire and fire em-
ployees, and staff members who update records in a non-relational
data table. This exercise exposes students to data integrity issues
related to sales transactions, organizational changes, and human
resource turnover. By creating chaos in the classroom and in the
data table, students discover the importance of thoughtful database
design and management for organizations and walk away from the
course having a deep understanding of information systems. Those
that enjoy the topics are encouraged to take more courses.

The Database Management Systems course is a requirement
for MIS, Accounting, and Data Science majors. Introduction to
Programming was added as a prerequisite, so students entering
the course have foundational skills in coding and debugging. As a
result, the course could include more technical content than had
been covered previously. The first half of the semester focuses on the
rationale for relational database designs and consequences of good
versus bad designs. Students practice designing tables, relational
structures, and normalization through interesting active learning
activities and assignments. In the second half of the course, they
work in teams to implement their database designs in MySQL, and
develop queries to retrieve datasets to address research or business
needs. Upon completion of the course, students are expected to
make sound judgments about relational database designs, and to
be competent SQL query writers.

This approach of using assignments for conceptual learning and
a project to reinforce ideas again allows the students to practice crit-
ical skills twice, which reinforces the skills and builds professional
confidence while engaging them with topics they care about. Coin-
cidentally, all students from the most recent semester chose to work
on a database design and development project for a campus func-
tion (e.g., student clubs, campus cafe, campus garden). Therefore, it
is clear that the students see the value of relational databases for
improving the community they care deeply about. Students in the
data science major tend to think more clearly about how data can be
organized and accessed after taking this course. Additionally, they
understand the business applications of data and can communicate
this understanding more clearly to their peers in business.

4.3 Machine Learning and AI
Machine Learning and AI is the final core course of the data science
curriculum. It requires mathematical maturity in Calculus III and
Linear Algebra, and it requires Introduction to Data Science. We
assume students have been programming for at least a year. The
course covers many of the basic machine learning algorithms -
naive bayes, logistic regression, linear regression, support vector
machines, k-nearest neighbors, bayes nets, and decision trees - as
well as topics related to properly training and testing models - bias
and variance, accuracy, precision, recall, feature reduction, kernels,
and ethical bias. It also covers the basics of artificial intelligence -
representation, search, heuristics, and constraint satisfaction.

The homework assignments are the same or very similar to
those given in machine learning and AI courses at top computer sci-
ence programs across the US. Students implement algorithms from
scratch and assess their properties using given datasets. Successful
completion of these assignments once again helps to reinforce that

1) they are capable of doing the same level of work as peers at other
universities and 2) they can compete with those peers for the top
jobs in data science. While the course is extremely rigorous, the
students have the skills to persevere through challenges and ask
for help when necessary. They also support each other and can
provide each other with conceptual and debugging help.

4.4 Data Science Capstone
Each major at the University is required to have a senior Capstone
course. When designing the Data Science Capstone, our goal was to
structure the project as if the data science students were supporting
business practices within an organization. We decided to have
the data science majors support the business capstone projects -
pitching their own food trucks. Our team of data science majors
analyze Yelp food truck reviews, and the resulting reports are used
as supporting evidence in the pitch marketing plans. The data
science students are required to create hypotheses, collect and
analyze their data, present their findings in a non-technical format
to their business peers (harder than it looks after spending several
years practicing technical presentations!), and also write a detailed
technical report. This format gives the students the opportunity
to practice working with non-technical professionals while also
demonstrating their skills.

Because these presentations have to happen with enough time
for the business students to use the information, the data science
students have the opportunity to work on a second smaller project
to optimize the food purchases and profits for each food truck. This
logistics project is quite challenging for the students and gener-
ates very lively, engaging discussions during class and office hours
about how to represent the problem so that it could be solved in
a reasonable amount of time. While both projects are worthwhile,
we will likely pick only one project in the future because the cost
for changing projects in the middle of the semester was high.

4.5 Evaluation of the Major
Our first three graduating data science seniors reviewed the major
and their senior level courses using the same evaluation survey
from Intro. to Data Science. These first students changed major into
data science and completed the entire major in two years.

Overall, we saw greatest self-reported improvement in program-
ming, visualization, and machine learning skills in the major. Two
students with some prior programming experience reported their
programming skills increasing from Good to Excellent, and one
who had no prior experience reported Poor to Good. All students
reported their visualization skills improving from Fair to Good. Stu-
dents reported their machine learning skills improving from Poor
(2) or None (1) to Good (2) or Very Good (1). The students reported
that their skills in Probability/Statistics, Mathematics, Computer
Science, and Communication also improved, but only by one scale
point on average. Most surprisingly, although the students had
taken many math courses, they did not feel that their skills were
much better than before - we certainly saw marked improvement.

Based on the major and course evaluations, we believe our goals
were met for creating an academically rigorous program that is
also approachable, engaging, and supportive. One student summa-
rized the major perfectly:“This major has challenged me in every
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way possible, which has been extremely valuable for me in my
professional and personal life. I feel that I’ve learned so much about
team work, persistence, googling, asking for help, logical thinking,
communicating my problem, presenting my problem, presenting
my work, learning a bit about everything, how to teach myself
concepts and more. I really enjoyed getting a taste of everything
and the challenge that each assignment brought. At every turn I
wanted to bang my head off a table and probably did but I still saw
an opportunity to grow whether in my professional soft skills or in
my knowledge.” Additionally, our efforts to support the professional
advancement of the students was also met. All three students had
internships at universities or companies for at least one summer.
Upon graduation, one student was hired as a data scientist locally
and the two other students are pursuing graduate degrees.

5 INSIGHTS AND LESSONS LEARNED
We summarize our insights into building the major, and highlight
challenges and opportunities for improvement, and summarize
similarities of our major to other peer institutions.

Engagement through Active Learning. We have found that active
learning is critical for attracting and retaining students in our data
science major. However, it poses a challenge to support a wide
range of projects as class sizes get larger. Our Introduction to Pro-
gramming class increased from 16 to 40 students in one semester.
One way that many schools scale courses is through teaching assis-
tants. However, it was not possible to find many students qualified
to support the class because it was new. This is also a problem in
our upper-level data science courses where most students graduate
before the classes are offered again. As a result, students rely solely
on the instructors for office hours, questions and answers, advising
and more. Because the faculty are stretched thinner, it is hard to
maintain active engagement with all students. We continue to work
on ways to support the students as the major grows.

Capacity, Intuition and Bravery. Data science is very intuition-
based, and our courses reflect our belief that many examples are
needed to gain intuition about data and models in addition to gain-
ing confidence in their own skills. Also reflected in our course
designs is the support to allow students to fail to complete an as-
signment and still learn from that experience. Both the lack of
intuition and the inevitable struggle through the learning process
tend to make students very anxious, uncomfortable, and even make
them doubt their capacity for doing data science which can lead to
retention issues. One goal moving forward is to continue building
a brave community of data scientists who are comfortable taking
risks, attempting on hard problems, and participating in hackathons
and research to gain additional experience and intuition.

Continuity. To improve retention and encourage students to stay
with the major despite setbacks and frustrations, we worked dili-
gently to bootstrap a data science student community that is com-
monly available at universities where technical programs are well-
established. We supported the formation of two student clubs. We
facilitated meetings with industry hiring managers, presentations
by alumni working in related industries, resume workshops, and
company visits. We encouraged students to participate in local
coding events and national analytics competitions. We connected
students to research internships, and created research internships

Size Home Dept %CS %MTH %MIS %DS
Ours 1105 Business 12% 40% 24% 24%
Peer 1 3477 Business 12% 24% 40% 24%
Peer 2 1837 Math/CS/Stat 25% 33% 17% 25%
Peer 3 1634 CS 28% 36% 0% 36%
Peer 4 2005 CS 25% 17% 0% 33%

Table 3: A comparison of Bachelor of Science Data Science
majors fromour and four peer small liberal-arts institutions
in terms of undergraduate size, and percent of CS, Math, In-
formation Systems (business), and Data Science courses.

on our own to give students opportunities to apply their skills on
real-world projects. Even so, students felt like there was a discon-
nect between classwork and professional work and said they would
have appreciated even more corporate interactions in class.

Additionally, despite the extensive support we offered and en-
couraged the students to offer each other, we still lost several stu-
dents in their first year because of the intensity of the coursework.
Some of the attrition is understandable as we work to maintain
academic rigor to make our program competitive with others in
the region. However, we suggest developing a strong mentorship
program early to help students who may be feeling frustrated with
the challenging curriculum.

Data Science at Other Small Schools. Since the inception of our
new major, other similar-sized institutions have created Bachelors
of Science in Data Science majors. Table 3 outlines several programs
and the percentage of their required courses that are in computer
science, math, management information systems, and data science3.
Our major has more math requirements than other schools; we
include calculus and linear algebra in addition to statistics. Peer 1
is most similar to our school which houses the major in the busi-
ness department. However, with fewer math courses and more
non-technical MIS courses, their curriculum seems to focus less
on the mathematical foundations of data analysis. Peers 2, 3, and
4 have more CS requirements and 3 and 4 include no MIS courses
at all. With CS as their home department, these data science pro-
grams could draw from existing technical classes, culture, and other
resources to launch their data science majors.

To conclude, we created a data science major at a small univer-
sity with few technical courses and no CS department to leverage.
We were able to build an academically rigorous curriculum from
the ground up, while making it approachable for students with no
prior technical experience. Following Jolly et al’s trilogy, we de-
signed courses that 1) valued engagement and active learning with
hands-on assignments and projects, 2) built confidence in students’
learning capacities, and 3) developed community and advancement
opportunities to help students succeed post-graduation. Students
evaluated their experiences in the major and reported significant
skill improvement in programming, visualization, and machine
learning. Looking forward, the data science major and its newly
added minor are growing. It has five more majors in the pipeline
for graduation in future years, a dozen students interested in the
minor with majors in accounting, math, and sustainability, and the
MIS degree is also growing with students who decided not to focus
as heavily on the mathematics of data science.
325% of Peer 4’s courses are in a depth outside of these areas.
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