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Abstract—This is a work-in-progress innovative
practice short paper. It describes exploratory
efforts to craft a new undergraduate course at the
juncture of Machine Learning (ML) and Software
Engineering (SE). Our motivation comes from
recent industry practices and challenges to adopt
and deploy ML as part of software development
projects.

We leverage reported industry
experiences by ML practitioners, research
findings from academia, as well as student
feedback, in order to create a new undergraduate
course where ML and SE cross paths. Toward this
end, we conducted an empirical study -- student
surveys and interviews of ML professionals.
Questionnaires helped us measure students’
interest in learning how to leverage SE topics to
develop ML-based systems, and to gauge their
expectations and concerns about the course. Our
interviews with ML professionals helped us solicit
and collect recommendations about the content of
our course.

In summary, our paper presents
qualitative results of an empirical study launched
to help us craft a new course on ML and SE. We
discuss a list of reported challenges from ML
professionals and explain how we match them to
related academic learning objectives and course
content. We also describe how student feedback
including their expectations and concerns helped
us in this effort. We hope that such a course will
not only prepare our students for the workforce
but will provide a promising example for other
institutions to follow.
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Engineering

1. INTRODUCTION
During the past few years, the authors have been
teaching an introductory course on ML. This course
is offered to Computer Science and Software

Engineering undergraduate students, and to other
majors who wish to learn what ML is all about and
why it is so important for their careers. More details
about that course and the authors’ experiences from
teaching it can be found in [1]. While teaching this
ML course, the authors have been following
documented efforts and challenges from industry to
adopt and deploy ML during production. As a recent
example, such challenges are described in Paleyes, et
al  [2].

Artificial Intelligence (AI) systems are
inherently more nebulous to develop and test because
their specific behavior is less clear-cut. AI systems
deployed in the “real world” are stirred-in with other
systems – A client observes a need in the actions of
existing enterprise systems, and this causes their
request for some AI to improve those actions. Skills
at building normal types of systems to serve some
enterprise are needed for adding AI capabilities to
those systems. We explore these new problems
related to ML, via feedback we received from people
working in this area.

The rest of this paper is organized as
follows: In section 2, the key research questions are
noted. Next, in section 3, we review the literature.
Section 4 describes our efforts to solicit and collect
data to help us craft a new course based on an
empirical study. In section 5, we discuss the logistics
of crafting our course. We conclude with section 6
summarizing the results of our study.

2. RESEARCH QUESTIONS
Some important areas of inquiry arise, including: 1)
what skills are needed for ML systems building and
production? and 2) how well do we prepare our
students in dealing with such modern realistic
challenges when they graduate and get a job? As an
early response to that, we can see some academic
attempts to offer graduate courses on SE for ML
(Christian Kastner and Eunsuk Kang from
SEI/Carnegie Mellon University [3]). However, we
couldn’t find any undergraduate courses with content



based in a traceable way on feedback from ML
experts.

3. LITERATURE REVIEW
The application of ML to SE has been a research
focus for some time, using ML to create or refine SE
processes and tools. E.g., Du Zhang and Tsai, 2007
[4]. Our interest here is the reverse - building ML
systems for other purposes, using sound SE
principles.

The 2019 Dotscience report on the State of
Development and Operations of AI Applications [5]
surveyed 500 industry professionals about the state of
these activities. They found challenges like
duplicating work, rewriting models because a team
member left, and justifying value because of the
greater expense. Related to the last of these, the
projects were taking “between 7 and 18 months to
move ML and AI models from idea to production.”
The need for education and best practices is clear, to
support this rapidly growing type of software
engineering. Studies by Dimensional Research [6],
IDC [7, 8], and Algorithmia [9] reported similar
findings. Baier, et al study [10] was itself a literature
review. Amershi, et al [11] investigated multiple
projects at Microsoft.

In 2020 Paleyes, et al [2] summarize surveys
of the deployment of ML systems. They describe the
many skills required for successful ML projects. For
example, Data Cleaning implies knowledge of what
the data represents in a domain. Feature Engineering,
on the other hand, requires understanding the model
that the data will feed into, so that decisions can be
made like converting and combining features for
better performance by a particular algorithm. In
addition, Paleyes, et al [2] introduce a table
describing the ML deployment process in five stages.
For each stage they identify considerations, issues
and concerns cited in the papers they summarized.
We used this list in analyzing the data for our study.
Paleyes also recommends the survey method we use,
for gathering data about Machine Learning
deployment.

Serban and van der Blom [12] describe a
trend toward adopting ML-specific SE techniques for
developing these systems. An example is “Automated
Model Deployment.” Another is “Enforce Fairness
and Privacy.” They found some important practices
still had a low adoption rate (in 2020), such as feature
management and hyper-parameter optimization.

Kastner and Kang’s 2020 paper [3]
summarized their experience teaching a Software
Engineering for ML course at Carnegie Mellon
University. They note the prevalence of mostly
informal reports on challenges to doing this in
industry. They comment that “requirements, software

architecture, and process seem rarely discussed in the
academic literature when it comes to AI-enabled
systems.” In 2020 one of the authors of the present
paper created a Software Engineering for ML course
based on the same book by Hulten [13] that Kastner
and Kang used. The latter describe the core problem
as being that “data scientists may work with
unversioned notebooks on static data sets and focus
on optimizing model accuracy while ignoring
scalability, robustness, update latency, and operating
cost. Software engineers are trained to work with
specifications and tend to focus on code, but may not
be aware of the difficulties of working with data and
unreliable models. They have a toolset for decision
making, risk management, and quality assurance but
it is not always obvious how to apply those to
intelligent systems and their challenges.” As
examples they note that, “ML components are used
for problems for which we cannot specify a
solution…” And that, “ML components can have
non-local and non-monotonic effects.” Their methods
of extracting issues in industry and applying them to
their course was not made explicit. They did list
colleagues and practitioners who reviewed the course
content.

In addition, our references [14, 15, 16, 17,
18, 19] support the thesis that development processes
for creating successful ML systems are significantly
different from processes for normal business systems.
ML tools used in industry have become more
descriptive of process-related steps. Google’s “Best
practices for implementing machine learning on
Google Cloud” includes a workflow for
preprocessing datasets and for including ML into
cloud-based systems [20]. However, such vendor
guides to adding ML into commercial systems are
tightly coupled to a vendor’s specific services. It is
not always clear from the guides how
recommendations were formed, though some do
describe the conditions under which they best hold.
The underlying research is not shown.

Finally, in the field of teaching Artificial
Intelligence generally, as with ML, the focus usually
is on teaching what algorithms do. Much of the
published research is about using AI to teach AI, e.g.,
“Teaching Introductory Artificial Intelligence with
Pac-Man” [21]. Or, “A Robot Laboratory for
Teaching Artificial Intelligence” [22]. Or, teaching AI
using “agents” as a theme, a methodology pioneered
by Russell and Norvig [23, 24]. Kastner and Kang’s
paper [3] is a step forward in trying to integrate AI
generally with production systems, using software
engineering principles.



4. EMPIRICAL STUDY
We launched an empirical study to collect qualitative
data from both students and ML professionals. As a
result, we gathered recommended topics and
expected student skills for our planned SE for ML
course. Collected responses are organized and
described below in separate themes.

Students’ Responses: We used an online
questionnaire to gather data from former and current
students who had taken our introductory ML courses.
We wanted to gauge potential interest and
expectations of students for our new proposed course.
We sent the survey to 218 former students and 96
current students. We received 37 student responses.
Background: Students who responded were from
Computer Science, Data Science, Mechanical
Engineering, Mathematics and Software Engineering.
The majority of these students had taken introductory
courses on Machine Learning, Artificial Intelligence
and Software Engineering. However, only a couple
had taken advanced courses on ML or SE.
Interest: The majority of students indicated that there
is a strong interest in offering such a course. For
instance, one student states, “ML courses teach the
theory of the machine learning algorithm well but do
not necessarily cover implementation into software
well.” Another claims, “absolutely [I am interested
in such a course], a big disconnect in these [ML]
classes is that I am getting results and I am building
cool models, but I don't know how to utilize, share,
and deploy these models.”
Expectations: When students were asked what they
expected to learn from such a course they responded
saying
● “To learn about applications of ML”
● “Gain a better understanding of implementation

of ML systems into software”
● “To learn software engineering reference

architectures, design patterns, and workflows
centered around apps using ML”

● “A course that teaches me how to deploy and
share my ML models, and other applications of
my work.”

Suggestions: Students provided some useful
suggestions and ideas to help us craft such a course
including “make a software engineering course a
prerequisite to avoid reteaching the same
information” and “Require SE and ML courses as
prerequisites so that there is a strong base of
knowledge before integrating the  two topics”.

Professionals’ Responses: We used both an online
survey and one-on-one interviews to collect data
from 18 professional software engineers. Our goal
here was twofold. First, to find out how difficult

practitioners feel it is to deploy ML in the field and,
second, if they have any recommendations about
crafting a course that can help future graduates with
using ML during software development.
Experience: Most of the professionals described
themselves as Senior/Principal Machine Learning
Engineers with 6-11+ years of experience at their
current job, and having used ML during software
development projects. We also asked practitioners if
they had any formal training in ML or they were
self-taught, and why they started learning about ML.
Some selected responses include:
● “Formal training in graduate school classes”
● “It was covered in my AI courses, but much of

what I've learned was self taught.”
● “I had the benefit of some ML training in

undergrad, and then taught myself from there”
● “Yes, I took a couple of courses in grad school

on ML. I was interested in ML because of the
idea that an algorithm can identify patterns in the
data and work towards a desired outcome. Also
that it could be used in a plethora of different
domains. My interest in statistics and math
brought me closer to ML”

● "Completed five courses at [some University]
regarding machine learning. Currently taking
additional ML classes in my Master's in Data
Science/Machine Learning”

● “ML is a powerful technology used to optimize
processes and decisions. I was excited about this
concept and the idea of teaching computers to
think for themselves without human
supervision."

Software Development Process: The majority of the
practitioners indicated that their organization follows
an Agile software development/engineering paradigm
with only one mentioning the Waterfall approach.
Some responses include:
● “Depends on client. Currently using a Kanban or

XP approach”
● “Agile, & Commitment Based Management”
● “Agile. Kind of all over the place, but the part

I'm most involved in is SCRUM-based”
● “My team is small. We use a simple storyboard

to organize and track tasks. We also have weekly
ML meetings.”

Challenges: When practitioners were asked if they
have experienced any challenges during the
development and deployment workflow of ML-based
systems. Some responded saying:
● “They aren't easy to keep up-to-date as the data

changes”
● “Yes, model convergence and performance with

real world collected data”
● “Determining which parameters to use and train

on is always a pain. Online model updating and



versioning is something I've seen as an issue, but
not something that's come up on my projects”

● "The largest hurdle has been in the feasibility
side of things. Most of the software we work on
doesn't have to worry about the question – ‘Can
this be done?’"

● “It's very important to choose a model that
accurately describes the problem domain.
Customers want to understand the reasoning of
an automated system, so it's important to use
simple, explainable models in those cases.”

● “ML doesn't follow normal software dev cycles.
You don't have features to implement or nice
clear work tickets to do. It tends to be
experimental, and a good deal of trial and error.
That can make it hard to work into normal
software development processes.”

ML Training: Practitioners also explained how their
organization trains developers in ML. Some
responses include:
● “We take seminars and classes”
● “We don’t, it’s on the job training”
● “A combination of self-guided learning, training

produced by in-house experts, training purchased
from external vendors, and hands-on experience
on projects”

● “Pairing with experts, internal training, bringing
in external trainers”

● “Individual development plans”
● “Self-driven learning”
Some were unsure and others indicated that there is
no ML training in their organization.
Expected Student Skills: They all endorse the idea of
offering a supporting course and they recommend
specific topics and skills they would expect to see
from students taking it. Some responses are below.
● “[students should be] able to integrate ML with

other systems”.
● “[students should understand] experimental

design and product integration”.
● “[students should have] practical training in basic

ML models and [additionally know] how to apply
them in a realistic [simple/expandable] scenario”.

5. COURSE CONTENT
Based on our collected data, we have created a list of
reported industry challenges, mostly taken from [2],
and have made a first attempt to match them with
related academic learning objectives, course content,
tools, techniques, methods etc. (see Table I). We
believe that our data supports responding to the ML
industry challenges described in [2]. Our next steps
include, among others, preparation of a course
description, the syllabus, selection of a textbook and
deciding on prerequisites. This leads toward more

fully addressing our research questions, noted in
section 2, above.

TABLE I: Matching industry challenges with
academic learning objectives and course content

ML Industry
Challenges [2]

Learning
Objectives

Course Topics
& Activities

Data discovery,
curation,
dispersion,
labeling,
visualization.

Students can
manage big
data.

Wrangle real
data from
industrial
databases,
applications
and devices.

Model
complexity and
interpretation,
managing
resources.

Students can
train and test
models on
realistic
data.

Try different
algorithms,
hyperparamete
rs, etc.  on the
same data and
compare
results.

Applying
metrics,
regulation and
simulation to
models.

Students can
verify model
predictions
with users
and for other
consideratio
ns.

Interact with
real users of
the data to
decide the
value of ML
results.

Operational
support,
deployment
patterns, team
dynamics,
feedback and
continuous
delivery.

Students can
deploy
models in
realistic
environment
s with model
updating.

Integrate an
ML system
with an
existing system
that is designed
to enhance.

Biases,
authorship,
implications of
decisions, user
involvement,
explainability,
security
challenges.

Students can
manage
security,
trust, and
ethics issues.

Establish
related criteria
ahead of time,
then test the
ML system
against these.

6. CONCLUSION
Our experience from an effort to craft a new course at
the intersection of Machine Learning and Software
Engineering indicates that this will be a useful course
for undergraduate students. We support our claim
above, by means of qualitative results gathered from
a survey conducted for interested students and
software professionals. In addition, we considered a
list of reported challenges from ML professionals and
matched them with academic learning objectives and
our course content. Moreover, we leveraged student



feedback including their expectations and concerns
while crafting our course.
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