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ABSTRACT

Data science has become an increasingly popular topic among engineering students and practitioners
as high-profile engineering applications of machine learning and artificial intelligence continue to make
headlines. Companies in engineering domains are placing a growing emphasis on hiring engineers who
can extract insights and create value from the large amounts of data generated, rather than having distinct
roles for designers and data scientists working separately. However, the question of who is responsible
for teaching these emerging skills remains an outstanding one: Should they be taught in-house by engi-
neering faculty? Should students take generalized courses outside their program, such as those housed
in computer science departments? Or should students be responsible for self-teaching outside their
formal training? In this commentary, we argue that undergraduate engineering curricula should include
contextualized training in programming and data science concepts. We describe our recent efforts to
build a “Data Science Corps” in collaboration with dozens of other institutions throughout the United
States and provide specific examples of our recent approach to contextualized data science education
in two engineering disciplines, materials engineering and architectural engineering. As engineering pro-
grams strive to incorporate new curricula, contextualization becomes vital in bridging the gap between
abstract data science concepts and their application in specific engineering disciplines. The collaboration
between academia and industry will be crucial for developing effective educational programs that equip
future engineers with the necessary skills to thrive in a fast-moving, data-driven world. By embracing
this collaboration and integrating data science education within engineering disciplines, we can pave
the way for a future where engineers are proficient in both domain-specific knowledge and data science

competencies, leading to transformative advancements in the field.
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MOTIVATION

It is becoming cliché to say that data science continues to make headlines in both mainstream
media and scientific venues, yet it remains true. Generative models especially have dominated news
cycles in recent years (Chang and Kidman, 2023). For instance, the release of Stable Diffusion’s
source code in August 2022 provoked heated debate over copyright, ownership, and fair use of im-
ages (Rombach et al. 2022). Later, in November 2022, the public beta of OpenAl’s new generative
language model ChatGPT (OpenAl 2022) launched, sparking similar ethical controversies around
language (Bishop 2023). While at the time of writing, there remains significant uncertainty about the
ethical, legal, and practical implications of using these models for personal or professional projects,
it appears very clear that the genie is out of the bottle, and these technologies have irreversibly
changed the way engineers will work and learn (Georgieva et al. 2022; Aksoy et al. 2024).

While most of the news coverage of data science topics has been over provocative proofs of
concept in the image and language domains (such as generating images of an astronaut riding a
horse with Stable Diffusion or asking ChatGPT to impersonate a full-stack web developer), scientific
and engineering applications of data science are already embedded into how the world learns (e.g.,
Al-powered research tools (Heidt 2023)) and builds (e.g., generative design tools in Computer
Aided Design software (Rawat and Tiwari 2023)). Traditional phenomenological modeling strate-
gies are slowly ceding ground to data-driven surrogate models that provide superior performance.
Commercial and academic datasets are growing in volume and complexity as such models provide
increasingly more real-world value. Computing hardware grows more powerful each year, providing
more detailed and higher throughput calculations.

Next-generation scientists need to be comfortable with these data-driven paradigms to be
competitive in the job market (Dumbill et al. 2013). At a minimum, this means understanding how to
interact with such models through software interfaces, but in practice, it requires developing basic
programming proficiency during their undergraduate training (National Academies of Sciences,
Engineering, and Medicine 2018). For instance, scripted data manipulation and visualization have
become increasingly important as access to published data and models continues to improve yearly
in response to federal mandates (National Science and Technology Council 2022).

In engineering industries, new data science tools are improving not only the flagship use cases
such as image classification and document summarization but also invigorating R&D in domain-
specific problems that previously had no tractable solutions (e.g., CAD program synthesis, design
of hierarchical structures (Li et al. 2023; Li et al. 2024). Engineering businesses increasingly seek
engineers who can derive value from the vast streams of data they create rather than separating the

designer and data scientist into two separate roles (Liston et al. 2022). Data science is increasingly
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leveraged to extract insights from historical company data, enhancing current and future products,
and enabling exploration of vast design spaces. It enables the generation and evaluation of an im-
mense number of potential design alternatives at a scale that would be intractable through manual
human analysis alone (Hille, 2023). More and more, we ask, “Could a virtual advisor (Chanatry 2021)
or assistant aid a human expert with this task?” and more and more, we answer, “Yes!”

The ability to design things better, faster, and more confidently using data-driven modeling is
already changing from a differentiator in the market to a fundamental requirement for an engineer-
ing business. As companies try to staff positions that require these new skills while still expecting
strong domain knowledge from traditional engineering disciplines, the lack of context for these
methods within the existing academic infrastructure becomes clear. Companies face equal chal-
lenges in upskilling experienced engineers with data science skills and providing new computer
science graduates with the domain knowledge and engineering expertise required to effectively
apply these tools to real-world problems (Orit and Mike 2020). Even the jargon of data science (e.g.,
“latent spaces”) is not properly contextualized for learners intending to use these tools in industries
with well-established equivalents (e.g., “configuration spaces”). Addressing these gaps will require
changes to classroom education in engineering undergraduate programs. This brings us to the key

guestions: Who will teach these emerging skills to future engineers, and how will they do it?

CHALLENGES

Challenges associated with courses housed in computer science departments: Almost every sec-
ondary education program has an opportunity for students to engage in an introductory computer
science course. However, while computer science faculty may be better trained in data science top-
ics, they cannot always provide examples that connect general topics to each student’s discipline
(Nagashima 2018). Contextualization challenges are well documented in education research and
are reflected in the popular Bloom’s Taxonomy, one of the most common hierarchical models used
to discuss student skill levels and learning objectives (Krathwohl 2002). Bloom’s Taxonomy shows
that “Apply” and “Analyze” demand deeper familiarity with a subject than “Remember” and “Under-
stand.” However, it has been argued in the computer science education literature that context can
motivate student learning more powerfully than abstract concepts (Cooper and Cunningham 2010).
Additionally, programming concepts are learned in computer science courses but are not regularly
reinforced and applied within the engineering curriculum (EI-Zein et al. 2009; Dunne et al. 2005).
In these cases, students often struggle to retain and utilize pertinent skills effectively in their home

disciplines which can lead to negative perceptions of the topic (Cetin and Ogden 2015). If we are
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preparing our students to critically evaluate the problems of the 21t century workforce, which will
certainly include synthesizing data science with foundational engineering knowledge, we need to
reconsider if this type of approach is pedagogically defensible.

Challenges associated with self-study: As another avenue to acquiring in-demand data science
skills, students sometimes engage in self-directed learning outside their formal coursework, which
presents unique challenges for data science education. Thanks to the hard work of many academ-
ics in statistics, mathematics, computer science, and related fields, there is already an abundance of
open courseware and other educational materials for data science topics available for free on the
Internet (Adhikari and Jordan 2021). However, without the structured guidance of a formal curriculum,
students must navigate a vast array of resources, potentially becoming overwhelmed or confused
(Pears et al. 2007; Glantz et al. 2023). In addition, it can be difficult for students to comprehend how
these concepts can be applied to their discipline without contextualization (Craig et al. 2017). For
instance, one homework problem in the excellent “Data8” course curriculum made publicly available
by UC Berkeley tasks students with evaluating professional basketball players’ salaries using statistical
modeling (Adhikari et al. 2022). While it is true that these tabular data could be easily exchanged for
relevant data from an engineering domain, such as the mechanical properties of metal alloys or the
structural health of infrastructure, making the leap to an engineering context is an extra challenge for
students seeing the technical content for the first time. Furthermore, the challenges associated with
self-learning can contribute to widening the gap between students with more resources and those with
less, potentially exacerbating existing inequities in engineering education (Valero 2022; Rajan 2015).

Challenges associated with embedding data science into engineering courses. Engineering
curricula are already packed with discipline-specific courses, leaving limited room for additional
programming- and data-science-focused classes (Gerrard et al. 2017; Law 2022). Introducing new
courses may require restructuring existing programs or sacrificing other vital topics. Additionally,
programming and data science fields are constantly evolving, with new tools, libraries, and best
practices emerging regularly. Keeping course content up-to-date and relevant can be a daunting
task for engineering departments, especially if they lack dedicated resources for curriculum develop-
ment (Aguilar-Santelises et al. 2014). Furthermore, engineering departments must balance teaching
theoretical concepts and providing hands-on, practical experience. Finding the best mix of these
can be challenging, as it requires a combination of classroom instruction, lab work, and real-world
projects. This could burden engineering faculty who may be familiar with these topics but are not
formally trained; the National Academies of Sciences, Engineering, and Medicine have described
recruiting and retaining faculty to create and teach integrative introductory courses as a significant
hurdle to contextualized data science education (National Academies of Sciences, Engineering, and

Medicine, 2017; National Academies of Sciences, Engineering, and Medicine, 2018).
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Figure 1. Schematic illustration of the challenges with data science concepts being
taught in dedicated courses, through self-study, and in contextualized engineering

courses.

Finally, some good news: research on contextualization in computing education has found that
while there is a significant initial overhead to the development of contextualized curricula, the resulting
products can often be shared and reused by other faculty teaching similar courses (such as in other
departments or at other institutions) (Guzdial 2009). Considering this, we define a pragmatic solu-
tion: as data science is a rapidly evolving field, and we anticipate it will remain so for the foreseeable
future, we advocate for an equally dynamic approach to its integration into engineering curricula.
Fundamentals (such as programming, statistical analysis, and regression) should be established in a
contextualized introductory course tailored to a specific engineering discipline; new tools and methods
should be incorporated piecemeal throughout the existing engineering curriculum, allowing for rapid
adaptation to the changing landscape. This approach provides students with a solid understanding
of data science principles within the context of their chosen engineering field. It also prepares them
for the lifelong learning process they will undoubtedly face in the workforce (Shen et al. 2020). By
encountering new tools and techniques throughout their engineering education, students develop the
ability to adapt and learn on the job, a skill that will prove invaluable in an industry where the pace of
change is only accelerating (Flemming and Panizzon 2010). In the following section, we will give some
examples of how this strategy was implemented in two engineering majors at the undergraduate level.

Subsequently, we will share our outlook, lessons learned, and suggestions for future implementations.
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IMPLEMENTATION

The challenges and our chosen solution outlined above highlight the importance of an ongoing
National Science Foundation initiative, the Data Science Corps (DSC), which seeks to equip next-gener-
ation scientists and engineers with data management and analytics competency. This training program
is part of the “Harnessing the Data Revolution” umbrella, one of the NSF 10 Big Ideas announced in
2016, which focuses on fundamental data science research, education, and cyberinfrastructure. Our
DSC project is focused on building modular, transferrable curricula for engineering programs to create
longstanding institutional collaborations within this dynamic educational landscape.

The core of our educational initiative comes through traditional classroom experiences in two
specific disciplines: Architectural Engineering (AE) and Materials Science and Engineering (MATSE).
“AE 240: Introduction to Programming and Data Science for Architectural Engineers” introduces
students to essential tools for manipulating and modeling architectural engineering data, includ-
ing introductory programming concepts, statistical analysis, regression, and data visualization. By
teaching these concepts in-house, special attention can be given to peculiarities of architectural
engineering data, including digital representations for building information modeling. Likewise,
“MATSE 219: Introduction to Materials Informatics” introduces data science concepts through a “ma-

terials informatics” lens for second-year students. Through instruction in these concepts, including
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Figure 2. Schematic illustration of the differences between traditional and contextualized
learning paths for data science in engineering.
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digital representations of the periodic table and crystal structures, special attention can be given
to unique features of materials data. Teaching these introductory courses within the engineering
disciplines allows students to more easily apply the principles to their other coursework (and future
career) than if they were taught through a computer science lens.

Planning for contextualized data science content within the AE curriculum began in 2020. A
committee was formed at the department level to identify potential ways these topics could be in-
tegrated into the curriculum. Based on discussions with students, alumni, and faculty, the committee
advocated for the creation of a new standalone course. However, with the existing curriculum for
the AE major already at 160 credits, changes had to be identified to create room for such a course
to be added. A course on electrical circuits was removed as a requirement, as it was deemed to be
sufficiently covered in the rest of the curriculum, and AE 240 took its place in the curriculum. Fol-
lowing this, the course ran for a provisional year, and a syllabus was submitted to the Faculty Senate
for formal review. Once approved, AE 240 became required for all AE students in their second year.

A similar strategy was adopted for the MATSE installation of this course. However, there was already a
required computer programming course in the curriculum, so a simple replacement could be performed.
Unfortunately, despite widespread departmental buy-in, formal course approval did not go as smoothly
as in the case of AE. Initially offered as “MATSE 297: Introduction to Data Science for Materials Scien-
tists,” the MATSE equivalent of AE 240 received excellent student feedback but was not approved by
the Faculty Senate, whose subcommittee cited an overabundance of similar course offerings focused on
contextualized data science being proposed in recent years. Subsequently, we revised the course title
to MATSE 219: Materials Informatics and updated about 15% of the proposed topics to be more specific
to materials science. The course was subsequently approved to begin running in Fall 2023. We expect
this resistance to perceived duplication or overlap of data science courses may be a common counter-
point to our proposed strategy that will need to be addressed within the context of each institution.

An important practical question for both course offerings was which programming language to
use to teach these topics. While Matlab has been a common choice for engineers in the past and
R for mathematicians, we consider Python the de facto language for data science. For instance,
the popular deep learning frameworks TensorFlow, PyTorch, JAX, and Keras are all Python-based.
Python is also free and open-source, has a huge open-source development community, and even
has commercial-friendly licensing, which makes it a viable tool for students planning to join the
private sector after graduation. We teach the course using interactive Jupyter notebooks hosted
on the Google Colaboratory platform, which hosts a free, pre-configured scientific Python envi-
ronment on the Google Cloud. This means students can launch a web browser and start running
Python code within minutes of the start of the course without needing any troubleshooting from

the instructors to get a working installation. It also makes it easy to ensure that everyone (students
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and instructors) works in the same environment. While Python and Jupyter notebooks are not the
only sensible choices, we advocate for similarly pragmatic solutions that reduce implementation
barriers for instructors wherever possible, with the explicit understanding that the landscape will
continue to evolve and further updates will likely be needed every year or two.

Taking a step back from choices of interpreters and development environments, we must also consider
the incredible range of software interfaces that ship with today’s tools. For instance, Large Language
Models typically have no-code interfaces (such as web applications) that allow for simple interaction
patterns such as interactive chat. However, these interaction patterns are insufficient for scientific use
cases such as entity extraction from documents or summarization of scientific literature, which may
require thousands of queries. Furthermore, even for simple tasks like few-shot problem-solving, recent
work has shown that “prompt programming” is required to achieve the best possible performance, with
some seemingly random, automatically discovered prompts out-performing handcrafted ones (Korzynski
et al. 2023). This underscores the need for familiarity with programming languages rather than relying
exclusively on graphical software interfaces in order for students to keep their skills up to date (Kuhail
et al. 2024). Beyond the concepts required for scripting queries to pre-trained models, students must
understand data modality, domains, and performance metrics to perform sanity checks when applying
models to their data (Holz et al. 2006). Ethical use of today’s sophisticated generative models - or even
off-the-shelf regression models, in some cases - requires an accurate understanding of their working
principles, which is challenging to acquire without practical experience.

Having established these introductory courses in each domain, a problem remained of how to
reinforce this knowledge as students progressed throughout the curriculum. Initial efforts have been
made in “AE 430: Indeterminate Structural Analysis” and “MATSE 419: Computational Materials Sci-
ence and Engineering.” The intention was that these classes would continue to reinforce programming
concepts taught in the introductory courses. However, due to variable teaching loads and faculty
availability, the AE instructor has not been able to offer Python-based AE 430 again. The MATSE
instructor has recently offered a Python-based MATSE 419, which was historically taught in Matlab
based on the previous computer science prerequisite. Incidentally, even though some students in
MATSE 419 were grandfathered in from the Matlab course and given the option to complete the
assignments in Matlab, every student opted to complete the assignments in Python, mainly due to
the simpler interface in Google Colab compared to using the proprietary Matlab software on the
university’s remote desktop service. Furthermore, “MATSE 413: Solid State Materials” now contains
a Python-based computation module using Google Colab, the first instance in our program of
computational modules being used by an instructor not already familiar with Python.

Our difficulty in maintaining consistent course offerings highlights two critical issues. The first is that

course offerings in engineering departments are frequently subject to changes in staffing. Specialized
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faculty who know the material are not consistently staffed in upper-level courses taught to the whole
major, leading to gaps in reinforcing the skills from introductory courses at later stages in the curriculum.
This leads to a second issue, which is the investment required to upskill faculty unfamiliar with data sci-
ence to redevelop existing curricula. In AE, additional work is planned to assess if plug-and-play modules
can be inserted throughout the AE curriculum. This leaves open the question of how time and resources
will be allocated to this objective and how the outcomes will be valued by institutional leadership. Once
more, these are non-technical challenges that must be resolved within the landscape of each institution.

Despite these challenges, we have successfully implemented contextualized data science education
in two engineering curricula. We have launched introductory data science courses tailored to each
discipline, namely AE 240 and MATSE 219, both required courses in their respective majors. These
courses have received positive student feedback (i.e., both 2022 offerings had median scores of 7 on
the 7-point Student Rating of Teaching Effectiveness), indicating their effectiveness and relevance

for the students. A sample of open-ended student feedback from each course is provided below:

“Connecting real life examples related to AE with coding really helped with understanding

how to implement and solve the problems at a much faster pace.” - AE Spring 2022 student

“l think this class let us know how [we can] apply data science into material science and

triggered my interest in learning this really helpful tool.” - MATSE Fall 2022 student

The outcomes of these courses underscore the success of our chosen approach to practically
integrate data science into our engineering curricula. However, they also expose the numerous chal-
lenges we have faced in the past, and some that still lie ahead. This emphasizes the importance of
providing faculty training and institutional support to realize contextualized data science education
within engineering programs. Facilitating faculty training is a primary objective of our Data Science
Corps project, which hosts sample lessons, entire courses, and instructor resources online at https://

sites.psu.edu/datasciencecorps.

OUTLOOK

Looking ahead, it is evident that data science education will quickly continue to gain importance
across all engineering disciplines. Machine learning and artificial intelligence advancements have already
transformed various industries, such as finance and healthcare, and a revolution in engineering is also
underway. As engineering professionals increasingly rely on data-driven decision-making processes,

the need for engineers who are well-versed in data science concepts and tools will only grow. However,

10 2025: VOLUME 13 ISSUE 2



ADVANCES IN ENGINEERING EDUCATION
Opinion: Preparing Engineers for the Data-Driven World:
The Case for Contextualized Data Science Engineering Education

incorporating new curricula to keep up with the rapid pace of innovation in data science poses a chal-
lenge for engineering programs. Thus, we return to the key question of who will teach these emerging
skills to future engineers, and how they will do it. The existing course load for engineering students
is often at its maximum capacity (Gerrard et al. 2017), and accreditation standards tend to change
slowly (Desha et al. 2009). Considering this reality, it is crucial to find ways to integrate important data
concepts and skills into domain science courses without increasing the overall credit requirements.

Our experience implementing contextualized data science education in engineering curricula has
led to a few key observations. First, we have seen that standalone introductory data science courses
contextualized within specific engineering disciplines are essential to provide students with a solid
foundation to build on throughout the curriculum. This approach enhances student engagement
and understanding and prepares them for what they will face in the rapidly evolving technological
landscape. Embedding data science education within specific engineering disciplines, such as mate-
rials informatics, can break the “zero-sum game” of required course credits. This approach ensures
that students receive contextualized training, allowing them to understand how data science can
be applied to their field of study. However, we have also seen that maintaining consistent course
offerings and reinforcing data science concepts throughout the curriculum can be challenging due
to changes in staffing and faculty availability. This highlights the need for a more sustainable ap-
proach to curriculum development and the importance of investing in faculty upskilling to ensure
the long-term success of data science integration in engineering education.

Finally, we observe that the successful integration of data science education in engineering cur-
ricula extends beyond technical challenges. It requires institutional support, resource allocation, and
a clear vision for how these efforts will be valued and prioritized within the broader educational
framework. Addressing these non-technical challenges is crucial for ensuring the long-term sustain-
ability and impact of data science education in engineering. We anticipate that collaboration with
industry partners will be vital to align curricula with real-world needs and provide students with
relevant, applied learning experiences. As we continue to refine and expand our approach, we remain
committed to sharing our experiences and encourage others to do the same to promote effective,

contextualized data science education for the next generation of engineers.
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