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Abstract—Contribution: This paper discusses a research-
practice partnership (RPP) where instructors from six 
undergraduate courses in three universities developed data 
science modules tailored to the needs of their respective 
disciplines, academic levels, and pedagogies.  

Background: STEM disciplines at universities are 
incorporating data science topics to meet employer demands for 
data science-savvy graduates. Integrating these topics into 
regular course materials can benefit students and instructors.  
However, instructors encounter challenges in integrating data 
science instruction into their course schedules.  

Research Questions: How did instructors from multiple 
engineering and science disciplines working in an RPP integrate 
data science into their undergraduate courses?  

Methodology: A multiple case study approach, with each 
course as a unit of analysis, was used to identify data science 
topics and integration approaches.  

Findings: Instructors designed their modules to meet 
specific course needs, utilizing them as primary or 
supplementary learning tools based on their course structure 
and pedagogy. They selected a subset of discipline-agnostic data 
science topics, such as generating and interpreting visualizations 
and conducting basic statistical analyses. Although instructors 
faced challenges due to varying data science skills of their 
students, they valued the control they had in integrating data 
science content into their courses. They were uncertain about 
whether the modules could be adopted for use by other 
instructors, specifically by those outside of their discipline, but 
they all believed the approach for developing and integrating 
data science could be adapted to student needs in different 
situations.  

Keywords—Data science integration, data literacy, modular 
approach, STEM, research-practice partnership. 
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I. INTRODUCTION 
ATA SCIENCE LITERACY is becoming increasingly 
important in undergraduate education across STEM 

disciplines [1]. In particular, engaging students to the main 
components of the data science life cycle (data acquisition, 
pre-processing, visualization, and analysis [2]) allows 
students to gain a better understanding of the processes used 
to collect, process, visualize, and analyze data within their 
area of study. Embedding data science instruction [3], [4] into 
undergraduate courses can increase student competence and 
experience with analytical tools [5], [6]. However, instructors 
face a variety of challenges when integrating data science 
concepts and applications into their courses, which include 
already full curricula and supporting students with a wide 
range of backgrounds and familiarity with data science [7]. 
While previous research has led to the development of 
instructional data science materials in specific domains [8], 
[9], principles for integrating data science instruction across 
STEM domains are not well-established [7]. This paper 
presents the process used and lessons learned by instructors 
who integrated data science into their science and engineering 
courses while participating in a multi-university research 
practice partnership (RPP).   
 In this project, six STEM instructors from three 
universities collaborated to integrate data science into their 
courses by developing discipline-specific data science 
modules (these modules can be found at ds4stem.org). The 
instructors came from different backgrounds and had 
differing levels of comfort and experience teaching data 
science. The courses they taught differed in academic level, 
student background, and instructional modality. Each 
instructor had the freedom to design data science modules 
tailored to their course content, syllabus, and student learning 
goals. Instructors focused on providing their students data 
science learning opportunities, leveraging real-world data 
sets situated within their particular discipline, and developing 
modules that others may use in the future. Each instructor 
developed one to three data science modules for their course, 
implemented them one to three times during the project, and 
refined them through implementation and discussions in the 
RPP. A total of 12 modules were developed and implemented 
in six different STEM courses.  
 The primary aim of this paper is not to disseminate an 
undergraduate data science curriculum. Instead, its focus is 
on sharing insights gained in an RPP and providing resources 
that can be adopted, adapted, or used as models. 
Consequently, the paper focuses on presenting instructor 
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perspectives on integrating data science modules into existing 
STEM courses. This work has implications for other STEM 
instructors who are interested in integrating data science into 
their courses, university leaders who want to foster this type 
of collaboration, and interested education researchers and 
policy makers. 

This paper aims to answer the following overarching 
research question (RQ): How did instructors from multiple 
engineering and science disciplines working in an RPP 
integrate data science into their undergraduate courses? 
This RQ can be divided into the following sub-research 
questions: (RQ1) How did participating college instructors 
integrate data science topics into their curricula? (RQ2) 
How were instructors’ integration approaches influenced by 
various factors, including course formats, disciplines, and 
academic levels? (RQ3) What data science topics did 
participating college instructors select to integrate into their 
curricula? (RQ4) What were the instructors’ perspectives 
about their experiences integrating data science topics in 
their courses and how other instructors could use their data 
science modules? 

More specifically, the paper discusses how instructors 
assembled, formatted, and organized data science learning 
content into modules and produced assessments and 
assessment rubrics within the RPP through an iterative 
development and implementation process. The RPP collected 
data, including modules, course documents, instructor 
interviews and surveys, and student surveys to inform this 
process. The larger research project was run in an RPP, and a 
qualitative multiple case study approach was used in this 
paper to analyze the data. To answer RQ1 and RQ2, each 
module was characterized to provide a comprehensive 
understanding of how various instructors integrated data 
science into their curricula using factors such as instructor 
role, module length, activity, and assessment types. To 
answer RQ3, the assessments used in each module were 
analyzed to identify the data science topics instructors 
identified as important and relevant to their courses. To 
answer RQ4, instructor interviews were analyzed to gain a 
better understanding of the practical choices they made while 
integrating data science into their courses. 

II. BACKGROUND 
Learning data science concepts and practices is 

recognized as important in STEM education to prepare 
students for future careers that require data literacy and data 
science skills. This is reflected in new course offerings and 
updates to core courses in different fields [9], such as courses 
that engage students with real-world datasets [10] and 
elective and required data science-focused courses like 
“Concepts in Computing with Data” [11] and “Data Science 
in Practice” [12]. These data science courses expose students 
to basic data science concepts, such as data cleanup, 
visualization, and reporting. While such courses are typically 
offered by statistics departments, most enrolled students are 
from other departments [9]. Students recognize that data 
science familiarity is important across multiple disciplines. 
Through RPPs, the National Science Foundation (NSF) has 
also been funding undergraduate and K-12 initiatives that 
expose students to data science concepts [13].  
 Data science literacy is typically introduced through two 
approaches: (1) standalone general and core disciplinary 
courses, immersive data science degrees, minors, certificates, 
and massive open online courses (MOOCs); and (2) 
integration within existing disciplinary courses. In the 

standalone method, students often struggle to apply skills to 
their disciplinary context [14], [15] [16], [17]. The integrated 
approach provides a more sustainable, evidence-based, and 
efficient method for introducing data science literacy to 
students [3], [4]. This approach can facilitate both learning 
and application of data science skills to bridge the data 
science instructional gap [16] [18], [19]. Moreover, 
integrated approaches align with learning theory principles 
that posit the learning process can be facilitated if the topics 
build on students’ previous experience and knowledge [3], 
[20], [21]. NSF argues that acquiring a basic data literacy 
education is a requirement for all undergraduates [1]; 
therefore, both parallel and integrated methods should be 
promoted at academic institutions since industry needs data 
literate graduates with different skill levels.  

Despite the importance of data literacy education in 
STEM disciplines, specifically in engineering and science, 
there is a lack of consensus on what data science is [22] and 
how to teach it [23]. While there has been research on its 
integration and education in single (e.g., [5], [12], [24]–[26]) 
or multiple (e.g., [4], [6], [27]) STEM and non-STEM 
disciplines, prior efforts were stand-alone parallel approaches 
that isolated data literacy from disciplinary context. Also, 
studies are often conducted in single disciplines that leave a 
gap in developing common principles for data science 
integration into STEM disciplines [7]. 
 In this study, STEM instructors selected data science 
topics and their learning objectives and developed them as 
modules using common integration principles and a multi-
disciplinary, bottom-up, and discipline-embedded process. In 
the RPP, data science-focused modules were developed 
across the STEM courses for the three universities: (1) North 
Carolina A&T (NC A&T), (2) Vanderbilt University (VU), 
and (3) Virginia Tech (VT). The developed modules were 
used by over 800 students. 

III. RESEARCH PRACTICE PARTNERSHIP (RPP) 
 As long-term mutually beneficial formalized 
collaborations between researchers and practitioners, RPPs 
are a promising strategy to address complex problems of 
practice in education, capitalize on the expertise of various 
professionals, and produce more relevant and useful research 
[28]. This project developed a four-year partnership between 
university instructors of six different undergraduate courses, 
learning science and engineering education researchers, 
graduate and undergraduate students, and program 
evaluators, with input from industry professionals, all seeking 
to learn how to integrate data science across multiple STEM 
disciplines and courses. The RPP valued the expertise and 
experience of the instructors with a goal “to build and study 
solutions at the same time in real world contexts" [29]. It was 
collaborative, iterative, and based on the realities of 
implementation as the group engaged in cycles to develop, 
implement, and refine data science modules for their courses.  
 The RPP structure is illustrated in Fig. 1. The initial plan 
was for the partners to develop a set of common data science 
modules using real-world datasets, implement them across 
STEM disciplines, and compare student learning across 
courses and universities. The first in-person workshop held in 
November 2019 identified some challenges with developing 
common modules to be implemented in the upcoming 
semester: variations in student academic levels (sophomores 
to seniors) and student background knowledge of data 
science, an ambitious timeline (i.e., six weeks until the 
beginning of the semester) with tight academic schedules and 
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packed syllabi, and instructors’ varying comfort levels 
teaching data science.  

 One hallmark of an effective RPP is to flexibly respond 
to the needs and realities of the practice partners [30]. Given 
the challenges with creating common modules, the RPP 
adopted a bottom-up approach where each instructor 
developed their own data science module to teach in Spring 
2020 based on their own interests, needs, and course context. 
The goal was to standardize the modules after they were 
developed. Instructors were asked to develop their modules 
to include assessments, lessons, and activities for their 
courses around common learning objectives that the team had 
agreed to adopt across all courses, e.g., use and analyze high-
frequency, real-world data and evaluate the efficacy of the 
data collection system. Each instructor established more 
specific student learning goals for their courses independent 
of other instructors in the project. In this way, instructors had 
individual control over how data science topics were 
integrated into their courses.  

During monthly meetings, the RPP discussed module 
development and implementation, especially as it related to 
the onset of the COVID-19 pandemic and the resulting mid-
semester shift of courses from in-person to online. Despite 
these challenges, four instructors implemented their modules 
in their courses for the Spring 2020 semester, and the RPP 
surveyed students and instructors, interviewed instructors, 
and collected information about the implementation of the 
modules. That summer, the RPP discussed module content, 
implementation, and the data collected so instructors could 
refine their modules (and two additional instructors could 
develop their initial modules for Fall 2020). The discussions 
at this stage highlighted important differences within the 
STEM discipline, the difficulty level of the courses, and the 
different class sizes. 

Through this work, the RPP concluded that the original 
proposal of developing modules that could be used across all 
courses would not work and decided instead to focus on 
standardizing how the modules were to be designed and 
refined moving forward. The RPP adopted the “backward 
design” learning science theory [31] for refining the modules. 

Backward design starts with identifying student learning 
goals (what data science topic do you want them to know and 
be able to apply), and then determining how students would 
show they had met those goals (i.e., assessing their learning) 
before planning the learning activities. The RPP used these 
principles to create a Module Development Tool (MDT) to 
guide the structure of individual course data science modules 
(the MDT can be found at ds4stem.org/resources and is 
discussed in more detail in [7]). The MDT offered a way for 
instructors to concisely list student learning objectives and 
then work backward, ensuring assessments and activities 
provided students pathways to meet those objectives.  

The module development process was iterative, with 
instructors going through two or three cycles of 
implementing, evaluating, and refining their modules using 
lessons learned during previous implementation(s). 
Instructors were asked to reflect on what went well during 
implementation as well as the challenges they faced in 
developing and deploying their modules. These reflections 
were then discussed as a group while brainstorming ideas for 
refinements that could be applied in the next iteration. The 
twelve modules developed in the project over three years are 
shown in Table I. The modules were developed for 
environmental science, engineering, and biology departments 
as well as a general university course on Smart Cities. 

Between implementations, instructors often made 
changes to modules based on their observations and a shared 
module structure. This shared module structure was created 
as an extension of the MDT. It suggested specific components 
that should be present in all modules to allow for easier 
understanding and use of the modules by other instructors. 
This shared module structure included the following 
components: (1) a description of the disciplinary topic that a 
module was developed for; (2) data science learning goals, 
which covered the key concepts and practices that students 
need to learn; (3) instructor materials, which included 
background knowledge acquisition resources and student 
facing materials; (4) data sources and software used in the 
module; and (5) student assessments aligned with the 
learning goals.  

 
 

 
Fig. 1. RPP structure 
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 In addition to the instructors, this project also included an 
Industry Advisory Panel that consisted of experts from both 
private and public sectors (see Fig. 1). These individuals 
represented companies and organizations that manufactured 
sampling equipment and performed data monitoring as part 
of their business. This group also showed interest in hiring 
graduates with data science skills. The nine advisors 
interacted with the project leaders and advised them on best 
practices in the industry to ensure that curricular materials 
were relevant to industry standards and students who 
graduated had desirable and relevant skills. 
 Another objective of the industry advisory panel was to 
connect directly with students through online discussions, 
which were moderated by the research team. The panel 
answered questions about a wide range of topics posed by the 
moderator focusing on career pathways, industry practices 
concerning sensors, and the use of real-world data to inform 
decision making. Questions were also posed by student 
attendees who were especially interested in the work climate 
of different organizations, the data science skill sets required 
to succeed in the industry, and the trends that the advisors 
could see on the horizon.  
 Although this paper focuses on the instructor perspective 
of integrating data science into their undergraduate courses, 
the RPP also collected data to measure student learning. 
Students were asked in post-surveys about their perceptions 
of their learning around various data science topics. Analyses 
of student learning are ongoing but beyond the scope of this 
paper. However, to demonstrate the success of the approach 
on student learning, a broad summary of the student survey 
data is included in the Results and Discussion section. 

IV. DATA COLLECTION AND METHODS FOR DATA 
ANALYSIS 

A. Data Collection 

 The RPP collected data from the six participating courses 
and their associated learning modules. This included the data 
science modules and course materials, instructor surveys and 
interviews, and student surveys. Student modules and course 
information included student academic level (freshman, 
sophomore, etc.), course pedagogy, instruction style (online, 

in-person, or hybrid), data science instruction goals and 
methods, course description, software used, and module(s) 
developed for use in the course.  In this work, the course was 
used as the unit of analysis as the differences across courses 
were larger and more indicative of variations in disciplinary 
approaches and content than differences across institutions. 

 The course and module data were supplemented with data 
gathered from one-on-one instructor interviews. The semi-
structured interviews [32] were conducted remotely to gather 
instructor perspectives and observations about module 
development and implementation. The interview protocol 
was developed by a combined team of graduate 
research/teaching assistants (GR/TAs), education 
researchers, and external evaluators of the RPP. The first 
section of the protocol validated data collected by GR/TAs 
about courses and modules by member-checking [32] with 
instructors. The second section of the protocol included ten 
items across four themes: (1) how each module supported 
students to use and analyze high-frequency, real-world data; 
(2) what students learned after experiencing one or more 
modules; (3) how the data science modules were 
implemented; and (4) key considerations applied for 
integrating data science concepts into their disciplines. These 
items targeted the overall goal of the RPP, i.e., developing 
reusable, shareable data science modules integrated into 
STEM undergraduate courses. 

B. Methods for Data Analysis 

1) RQ1-2: Integration Approach: 
 The RPP, interested in better understanding how 
instructors developed and implemented modules and the 
commonalities across modules, adopted an emergent method 
[32] for coding components of the modules and their 
implementation. In this process, the elements in the MDTs 
for all modules and their associated course summary forms 
were categorized. Categories included instructor role 
(primary or supplementary), module length (single or 
multiple sessions), implementation mode (in-class or out-of-
class), activity type (individual, group, or a combination), 
assessment type (classwork, homework, project, and oral 
presentation, or a combination), data analysis method (point-

TABLE I 
PARTICIPATING COURSES AND PRODUCED MODULES 
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and-click or programming based) and sharing method 
(institutional or specialized learning management systems 
(LMS). 
 The instructor's role refers to their role during module 
implementation. Instructors played a primary role if they 
guided their students in completing the tasks and 
assessments, in contrast to a supplementary role if students 
completed a stand-alone module online with no further 
instruction. If instructors implemented a module online, the 
module length was defined by whether students completed 
the module over multiple class sessions (multiple days) or a 
single day. An iterative approach was used during the coding 
process to allow for the developed codes to be revised to 
accommodate new findings about the instructors’ module 
development and implementation approach. 

2) RQ3: Data Science Topics:  
Data science topics integrated into the modules were 

determined by each instructor based on the specific needs of 
their course. The data science topics instructors incorporated 
were identified by analyzing each module’s assessment. 
Rather than analyzing the module as a whole, the individual 
assessment prompts were separated and categorized 
individually. One hundred individual assessment units (each 
unit an assessment question or part of one) were identified 
from the modules assessments. 

A combination of emergent and predetermined 
approaches [32] was adopted to categorize and code the units, 
allowing the use of topics from the data science life cycle 
while remaining open to any new topics that might be 
encountered during the coding process. The assessment 
prompts were initially coded by a GR/TA into broad data 
science topics. The predetermined part of the coding scheme 
included some data science life-cycle phases, such as data 
acquisition, data pre-processing, data analysis, and 
visualization that are common across any data-driven effort 
irrespective of discipline. During the coding process, new 
discipline-specific categories emerged, e.g., machine 

learning and real-world applications, resulting in the final 
coding scheme seen in Table II. Each assessment unit was 
coded by two GR/TAs to ensure validity. Units with 
unmatching codes were discussed between two to three 
GR/TAs to produce a consensus.   

After classifying the module assessment prompts into 
broad data science categories, the GR/TAs then followed the 
same method to further categorize the prompts into more 
specific subtopics. Table II includes both the broad topic and 
subtopic codes used in the analysis as well as an example 
prompt for each broad category.  

This project started too early to be guided by the ACM 
Data Science Task Force’s Computing Competencies for 
Undergraduate Data Science Curricula [33] report. However, 
the broad data science topics and subtopics that emerged from 
the classification in this study align with some of the 
knowledge areas and sub-domains of ACM’s report. For 
example, the broad topic and subtopic of Data Acquisition 
and Data Access generally align with the knowledge area and 
sub-domain of Data Acquisition, Management, and 
Governance (GD) and Data Acquisition of ACM Data 
Science Task Force’s report. It is noteworthy to mention that 
the goal of this RPP was not to develop independent data 
science curricula, (the focus of the ACM’s report) but to 
embed data science into fully-fledged undergraduate STEM 
curricula to engage students to data science principles and 
methods. As such, the depth and breadth of data science 
topics and subtopics in this study are limited compared to the 
broader knowledge areas and sub-domains of the ACM’s 
report. 

3) RQ4: Instructor Perspectives: 
The interview data collected by the RPP were categorized 

by (1) challenges, (2) module development and 
implementation, and (3) future module use. In the challenges 
category, instructor and student challenges were analyzed. 
Instructor challenges included how instructors dealt with a 
diversity of student backgrounds in data science, support for 

instructors, integration of modules into existing course 

TABLE II 
DATA SCIENCE TOPICS AND THEIR DESCRIPTIONS 
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curriculum, finding quality/relevant data, and time 
constraints. Student challenges included difficulty 
comprehending specific data science concepts, support for 
students, and instructors’ perspectives of students’ struggles. 

For module development and implementation, data source 
selection, data set/source science topic selection, data 
analysis tool selection, and implementation methods were 
analyzed. The data set/source selection focused on the 
benefits derived by data selected for instructors and students. 
The data science topics selection focused on the instructors’ 
prior experience with data science topics they incorporated 
into their modules. The data analysis tool selection focused 
on which data analysis tool instructors selected for their 
module(s), any alternative tool(s) that could be used, and 
whether the students were required to have any prerequisite 
knowledge about the tool. Also, implementation decisions, 
such as instructor role in module implementation, module 
length, implementation mode (e.g., either synchronous 
online, self-paced online, or in-person in-class), student 
activities, assessment methods, module organization, and 
module publication or sharing, were analyzed. 
 Lastly, future module use, adaptations for general use of 
the modules, and future module development and 
implementation were analyzed. Adaptation for general use 
included topics such as benefits to other instructors, use in the 
same or different disciplines, any necessary modifications to 
the module, and support for other instructors. The topics 
covered included: online vs in-person implementation, data 
analysis tools, implementation and assessments, and the 
uniqueness of the module compared to similar educational 
resources.  

V. RESULTS AND DISCUSSION 

A. RQ1 - 2: Integration Approach  
 Module development and implementation methods varied 
within the RPP based on instructors' needs and preferences. 
Some instructors designed their modules to be single-unit 
learning tools that were implemented as homework 
assignments; others designed their modules as a series of 
tasks that were implemented over many class sessions. A 

third group of instructors developed their modules to be 
independent learning tools made available on public 
platforms for self-paced learning. The different approaches 
are summarized in Table III.  
 Instructors chose their module datasets based on 
availability, relevance to the disciplinary topic, quality of the 
data, features of the data source platform, previous familiarity 
with the data and/or data source, and the requirements of the 
RPP (e.g., using high-frequency and/or real-world data). For 
instance, the instructor of SC chose standard easily-accessible 
machine learning data sets [34], [35] to help students develop 
their understanding of the fundamentals of each algorithm 
before they applied these algorithms to real-world, noisy, 
high-frequency data as part of their class projects. The ECO 
instructor used high-quality, discipline-relevant, and real-
world long-term datasets that students could easily access 
using available interactive platforms to make understanding 
data easier.  
 Independent of the academic level, instructors of MAE, 
ECO, EH, and HYDRO used point-and-click-based software, 
such as Excel, Google Sheets, and HEC-SSP [36], for data 
analysis. These tools were used because of student and 
instructor familiarity and ease of access. Instructors of ES and 
SC – with backgrounds in statistics and computer science, 
respectively – used the script-based language Python through 
the Google Colab platform. Colab was chosen due to its 
convenience of access and use as its cloud-based and 
collaborative features improved access and allowed 
instructors to manage collaborative group assignments. It can 
be hypothesized that tool choice will depend on students’ 
academic levels and disciplines. For example, freshmen or 
sophomores from biology, environmental science, and civil 
engineering courses may not be prepared to use script-based 
tools like Google Colab. In contrast, courses, like SC with 
more experienced students and flexible content may benefit 
from such advanced script-based data tools. 
 The instructors of the ES and SC courses used the 
specialized LMS GitHub Classroom [37] for sharing their 
Google Colab modules with students. The instructor of 
HYDRO published their module on a specialized LMS called 

TABLE III 
APPROACH COMPONENTS 
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Hydrolearn, which is a hydrology and water resources public 
educational platform [38]. This allowed students to use it 
outside of the classroom. These specialized LMS provide 
helpful features, such as an easy-to-navigate learning 
environment for students and auto-grading features for 
instructors. In addition, instructors could review intermediate 
work by the students, especially on the projects, and provide 
contextualized feedback. The other three instructors from 
environmental science, biology, and civil engineering 
disciplines used Excel/Google Sheets and university-
supported LMS, Canvas and Blackboard, to share their 
modules with students.  

Irrespective of discipline and academic level, all modules 
had individual student activities. The individual activities 
included outside classroom work, such as homework as in the 
SC and ES courses. However, students sometimes worked on 
the module in groups in class. Collaborative assignments and 
projects were often leveraged to address differences in 
student skills and experiences, as seen in the modules of ECO 
and SC courses. For example, the instructor of SC formed 
student groups by pairing students with less experience in 
data science with students who had more experience.   
 The assessment method, instructor role, and module 
length varied. Instructors used formative and/or summative 
assessment methods [39] to assess student learning in their 
modules, including homework (SC, ES, ECO), projects 
(HYDRO, EH), and in-class discussions (MAE, ECO). 
Homework and in-class discussions were often used as 
formative assessments, whereas projects were used as 
summative assessments. In terms of role, the HYDRO 
instructor included all the teaching material (e.g., lecture 
recordings, required text, exercises, assessments) in the 
module as they intended to publish the module on a public 
platform to be used as an independent learning tool. As such, 
this instructor played a supplementary role in the 
implementation phase. In contrast, other modules were 
developed as complementary tools to the lectures since 
instructors had to provide context and background on module 
exercises, describe learning goals, and moderate post-
exercise discussions. Module implementation (i.e., length) 
spanned from one to four weeks. The implementations 
included entire class sessions that were dedicated to the 
module, parts of class sessions on specific days (e.g., ECO3 
and EH2), and self-paced (HYDRO). 
 Overall to answer RQ1 and RQ2, instructors successfully 
designed their modules to meet their course needs. Instructors 
chose data sets based on variables such as availability, 
relevance to the disciplinary topic, quality of the data, 
features of the data source platform, and previous familiarity 
with the data. Similarly, data science tool choice depended on 
student and instructor familiarity. Instructors used the 
modules as both primary and supplementary learning tools 
depending on the role they adopted during module 
implementation. Overall, these results offer suggestions 
about which course elements instructors should consider 
when integrating data science into courses and highlight the 
need for a flexible approach. 

B. RQ3: Data Science Topics 
     Instructors integrated data science learning materials into 
their courses by considering suitable data science topics for 
integration in their respective syllabi, the suitability of the 

topics to their students' academic level, the importance and 
commonality of the topics to the discipline, and the 
availability of relevant data for the topics chosen. For 
example, the HYDRO instructor integrated data science into 
the instruction of flood and drought frequency because this 
topic is part of the learning outcome of any upper-level 
undergraduate civil engineering hydrology course, the 
calculation of frequency curves is suitable for one or more of 
the data science life-cycle phases, and long-term data for 
calculation of frequency curves is publicly available from the 
United States Geological Survey [40].  
     Analyses of the broad data science topics across all 12 
modules showed that 66 of 100 student assessment units were 
categorized as Data Use & Visualization, 25 as Machine 
Learning, and five or less as Data Acquisition, 
Miscellaneous, or Data Pre-Processing. Assessment units 
from the category Data Use & Visualization were the most 
common and spanned all the modules (see Fig. 2). Almost all 
the questions from the ES, EH, MAE, and ECO modules come 
from this category. The prevalence of Data Use & 
Visualization in the modules could be attributed to its links to 
basic data wrangling, analysis, and generating and 
interpreting visualizations that are intuitive and common 
(e.g., using a histogram to visualize a quantitative dataset and 
interpret its distribution), and provide for easy interpretation 
of discipline-specific topics. In contrast, relatively few 
assessment units were categorized in Data Acquisition, 
Miscellaneous, and Data Pre-Processing (the HYDRO 
module is the exception, with four out of 16 assessment units 
categorized as Data Acquisition and Data Pre-Processing).  

Assessment units that focused on machine learning were 
the second largest category with 25 instances. All of them 
came from two modules in SC, where the instructors with a 
computer science background covered more advanced data 
science topics. In contrast, instructors for the other five 
courses focused on data science concepts more closely linked 
to discipline-specific topics. Instructors used simpler and 
specialized data science techniques for multiple reasons: (1) 
lack of time to provide instruction on more advanced data 
science skills in lecture-only courses; (2) the need to simplify 

Fig. 2. Count of assessment units across modules and 
broad data science categories 
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data science concepts in order to cover vast amounts of 
fundamental disciplinary material; and (3) the structure of 
lecture-only courses with no additional meetings times (e.g., 
lab or discussion sections) for project-based studies that 
involve the collection, pre-processing, and analysis of data. 

Interpreting and generating visualizations as well as 
conducting statistical analyses constituted most subtopics 
coming from the broad category of Data Use & Visualization 
covered by all modules (see Table II). Supervised and 
unsupervised machine learning methods, from the broad 
category of Machine Learning, constituted the second highest 
number of subtopics and came from two modules: SC2 and 
SC3. Data Access from the broad category of Data 
Acquisition was another subtopic that was included in many 
modules. The subtopics in the Miscellaneous category came 
from three modules and were more about real-world 
applications. The remaining subtopics in the Data 
Acquisition and Data Pre-processing broad categories each 
constituted only one assessment question.  

To answer RQ3, instructors chose a subset of data science 
topics/subtopics that were more discipline-agnostic, such as 
generating and interpreting visualizations and conducting 
different kinds of basic statistical analyses. Although data 
pre-processing includes much of any data science effort, 
instructors focused less on this topic for many reasons, such 
as the instructors’ choice to use clean datasets, lack of their 
students’ familiarity with data cleaning techniques, lack of 
time given disciplinary content pressures in the course, and 
mostly likely because the focus of the RPP, to give students 
a basic exposure to data science principles. In summary, 
instructors were mindful when choosing data science 
topics/subtopics for their modules about such practical 
considerations as balancing the depth and breadth of the 
topics they chose given their courses’ goals and time 
availability, the real-world applications of the topics, and 
their students’ interests and background related to the topics. 

C. RQ4: Instructor Perspectives  
1) Student Learning:  

In general, instructors reported high student interest and 
comprehension related to their module(s) contents. For 
instance, the ECO instructor stated, "There was a general 
interest [from students] in the role of data science in 
environmental sciences ... there were a large number of 
students who did well." As another example, the HYDRO 
instructor mentioned, “Generally no issues reported by the 
students; sometimes students would say there is a lot of 
work.” Also, the SC instructor mentioned, “Eventually the 
materials were understandable to students [despite their lack 
of a Computer Science background] since they did well on 
the projects.”  

Students’ self-assessment on different data science topics 
measured through four-point Likert scale questions given in 
pre/post course surveys indicated higher levels of students’ 
perceived data science understanding and skills after 
participating in a course that integrated data science when 
comparing pre- and post-survey answers. Further discussion 
of student survey data is beyond the scope of this paper and 
will be shared in detail in a subsequent paper. 

2) Wide Variability in Student Experience: 

A difficulty instructors faced was the wide variability in 
student data science skills, specifically for the courses where 
students came from diverse disciplinary and academic 
backgrounds (e.g., SC and ECO). For example, the ECO 
instructor stated, “Some materials might be easy enough for 
some students [with more quantitative backgrounds] that 
they might say ‘why am I doing this in a college-level 
course?’ ... while some other students might be unable to 
complete introductory tasks independently. So, figuring out 
how to accommodate students from such a wide range of skill 
sets within the scope of a lecture-only class is an ongoing 
challenge.” Instructors who implemented their module(s) in 
classes where students were mostly from the same 
disciplinary background or academic level did not face the 
same challenge. For example, the ES instructor stated that 
“None of the students had a statistics course before, this was 
their first statistics course so everybody was on an even 
ground ... for some students, it is easier to implement 
classroom knowledge to practice, but for others, it takes a 
longer time; so there is variability but it is not that huge.”  

Instructors who did face the challenge of teaching to 
different student skill levels used methods, such as explicitly 
teaching the fundamentals of tools and techniques, repeating 
certain exercises in different contexts (e.g., using different 
datasets) multiple times over the semester, group work, and 
encouraging students to reach out to GR/TA(s), instructor, 
and more importantly, one another for problem-solving 
support. A few instructors stated the importance of GR/TAs 
and graduate students who “have experience using data 
analytics tools can help me create learning content, 
especially with the LEWAS data."  Two instructors reported 
needing additional support in the form of tutorials for 
themselves or their students if they were to switch from their 
preferred data science tool, e.g., Excel to R or Python. The 
ES instructor reported, “I do anticipate students not being 
familiar with the technology I use in the class [e.g., Google 
Colab and GitHub Classroom] which is why I provide step-
by-step instructions.” The SC instructor pointed to the fact 
that “…in-class examples and also more documentation… 
written in general rather than specific computer/data science 
language.” may help students.  

While instructors emphasized the need for student 
scaffolding, they did not report the need for additional 
support for their own learning when using their preferred data 
analysis tools. However, changing the tools (e.g., from point-
and-click software to programming languages) might require 
additional resources for both instructors and students. For 
example, transitioning from spreadsheet software to Python 
or R will require adjustments in teaching approach and 
material preparation. However, providing full autonomy to 
select data analytics tools and techniques suited to the 
instructors’ skill sets, needs, and course requirements led to 
minimal need for outside support.  

3) Making Space in Existing Curricula: 

When asked whether they had to remove any disciplinary 
topic to make room for data science modules, instructors 
generally expressed finding it relatively easy to integrate data 
science content with minimal to no removal of disciplinary 
topics from their course syllabi. Some instructors reported 
having to remove minimal content to make room for tutorials 
about tools that were new to students such as Google Colab 
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and GitHub Classroom. This contrasts with previous research 
that found a lack of space in curricula was a major barrier to 
integrating data science topics [41], [42]. Instructors 
explained the reasons for this ease to their use of specific 
disciplinary topics to teach data science. For example, the 
HYDRO instructor mentioned, “…usually topics such as 
frequency analysis are common in hydrology and deal with 
analyzing a lot of data.” They also pointed to the pedagogical 
approach as impacting the ease of integration. For instance, 
the EH instructor said, “I used to have the project in my class 
anyway. But, now I adapted it in a way that can focus more 
on data science.” Also, the ECO instructor mentioned, “A lot 
of it was quite easy because of the way I teach ecology using 
data, graphs, etc. instead of [only asking students to] 
memorize concepts/terms”. The HYDRO instructor pointed to 
their flipped classroom structure as a benefit, saying it gave 
them the “ability to cover both the teaching materials and the 
hands-on exercises during the semester”. Overall, the 
minimal need for removing course content to integrate data 
science may be explained by the fact that instructors 
themselves oversaw developing and implementing the data 
science modules, were willing to participate in the RPP, and 
their courses’ curricula and teaching methods were aligned 
with data science topics. They had a better understanding of 
the needs of their students and their courses. 

4) Online Versus In-person Courses: 

Instructors who taught in-person courses reported 
leveraging in-class demonstrations on accessing data and 
statistical analyses, collecting field data rather than using 
already-collected data, and adding small-group collaborative 
exercises. However, the instructors in this project had to 
switch their planned courses to online due to COVID-19. 
They reported that online courses provided fewer 
opportunities for interaction between them and their students 
and a lack of opportunity for hands-on exercises and 
demonstrations such as field data collection and data access. 
One instructor helped mitigate this challenge by going out 
and filming themselves collecting data for the students to 
review. Another challenge was fewer opportunities for 
collaborative work in groups of students. For example, the 
ECO instructor mentioned, “For in-person implementation, I 
plan to hold in-class collaborative exercises in small groups 
to be on-call for the students when they encounter some issues 
and allow students to also learn from their peers since 
students have different skill sets. This was not possible in the 
way the lectures were run remotely.” The instructor mitigated 
this challenge by leveraging online collaboration tools such 
virtual breakout rooms to facilitate group work, discussion 
boards, and implementing virtual office hours and online 
Q&A sessions. 

5) Usefulness in Other Disciplines: 

Some instructors believed that their modules are content 
specific and cannot be used in other disciplines. For example, 
the MAE instructor said, “... perhaps biology or hydrology, 
but they are all under environmental science ... I don't know 
how computer science students would use my module because 
they are completely talking about other concepts.” However, 
other instructors believe their modules can be adapted for 
other disciplines and courses saying other instructors can 

“decide what they want to change based on their needs.” 
These instructors pointed to the structure of the modules as 
being of interest to other disciplines, for example, the ES 
instructor said, “… the structure of the modules I developed 
is the most beneficial tool for other instructors to use.” In 
some of these modules, instructors also used general data 
science instruction before moving into domain-specific 
instruction. For example, in SC, the instructor used 
discipline-agnostic data to teach students data science 
concepts before using domain-specific real-world data in 
projects. Such module structures can be easily adapted to 
other courses across disciplines. 

Additionally, the modules were developed based on real-
world disciplinary data, include hands-on exercises, and 
introduce useful resources. The MAE instructor mentioned, 
“The module is based on real-life cases that students will 
encounter in their careers.” Another reason instructors give 
for the usefulness of their modules to other instructors was 
the introduction of resources and platforms that other 
instructors might not be aware of. For example, the ECO 
instructor stated, “... there are lots of readings, examples, and 
online data visualization interfaces that may be of interest to 
other instructors and students find engaging.” 

6) Scaffolding Needs: 

For scaffolding needs, instructors’ answers depended on 
whether other instructors planned to modify the modules or 
use them as is. If other instructors from similar disciplines use 
the same datasets and data analysis tools (e.g., Excel/Google 
spreadsheets), instructors thought little extra support would 
be necessary.  However, if other instructors use other data (or 
generate their own data) and/or analysis tools, members of 
the RPP suggested a need for lab equipment and tutorials 
since some tools used are not as universal as spreadsheets. 
Also, instructors believed other instructors who use their 
modules would benefit from the self-explanatory rubrics, 
clear learning objectives, and reasons why those learning 
objectives have been incorporated into modules. For instance, 
the ECO instructor mentioned that “...including an 
explanatory rubric that shows what we were expecting and 
why we included these kinds of assignments can be helpful. 
Because we created these assignments, we know our 
expectations and reasons for incorporating the assignments, 
but it might be difficult for other instructors to understand 
our motivations for all module content.” All the modules 
available on our website (ds4stem.org) have these 
components.  

7) Data Analysis Tools: 

When asked about whether their module could be used 
with data analysis software that was different from the 
original module design, all instructors answered positively.  
Three out of four instructors who used point-and-click tools 
such as Excel or Google spreadsheets answered that other 
software and even programming-based tools such as R or 
Python could be used. Some felt, however, that students 
might not have the experience or willingness to use more 
advanced tools and that instructors might need more class 
time and tutorials to instruct on programming-based tools: 
“Students are not comfortable using R, so time will be needed 
to teach students how to use it.” One instructor did not 
believe using programming-based tools is viable for their 
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module due to the lecture-only content-based nature of their 
course. The ES and SC instructors who used Python 
expressed their openness to using other tools, such as R. 

8) Comparison to Other Learning Materials:  

Finally, instructors were asked about how they thought 
their modules compared to other similar learning materials 
developed and published elsewhere. Instructors answered 
that their modules are tailored to specific disciplinary 
contexts and class pedagogies, which makes them unique. 
For instance, the ECO instructor mentioned, “I think my 
modules are different in that they are short activities designed 
for lecture-based classes with limited class time, as opposed 
to multi-week lab-based courses.” Another instructor stated 
“... this is the only module I know that combines stormwater 
monitoring and data science. This is very different from other 
modules ... it signifies the importance of monitoring 
stormwater for better stormwater management.” The ES 
instructor said “We don't use a lot of coding to learn 
statistics. There is a lot of hand calculation. I think these 
modules provide more resources for students. They will not 
only know how to do the calculations manually but also how 
software generates the results.” 

Overall, to answer RQ4, instructors faced common 
difficulties in the wide variability in student data science 
skills, specifically in courses where students came from 
diverse disciplinary and academic backgrounds and 
challenges during online courses, such as the lack of 
opportunity for hands-on data collection and student 
collaboration. However, instructors reported successful 
strategies for targeting these challenges including the 
development of training tutorials, leveraging teaching 
assistants, and generating videos to demonstrate the 
collection of field data. Instructors pointed to their control 
over the data science curriculum as a positive component of 
this project. As instructors developed their own data science 
modules situated within their own course needs and goals, 
they were able to integrate the data science content more 
easily within their courses, thus minimizing difficulties with 
fitting content into their existing courses and allowing them 
to more easily make adjustments. Furthermore, instructors 
were conflicted on whether their modules could be adapted 
“as is” for use by other instructors, particularly outside their 
discipline. However, instructors pointed to the module 
structure as a possible starting point for those who may want 
to develop their modules (just like the instructors in this study 
did), as well as the usefulness of real-world data. Instructors 
also highlighted the necessity of developing student 
scaffolding, particularly when introducing new data science 
tools and suggested the use of tutorials or support in the form 
of teaching assistants. In addition, most instructors felt that 
this approach led to modules that could be adapted to be more 
complex or simple, depending on student needs, by changing 
the data science tools that were used.  Finally, instructors felt 
their modules differed from already existing learning 
materials, particularly because they were discipline specific.  

VI. LIMITATIONS AND FUTURE WORK 
This study does not include an in-depth analysis of student 

learning outcomes, as the primary focus of the paper was to 
present instructor perspectives on the integration process. 
While the identification of data science topics within the 

modules was primarily based on the analysis of student 
assessments, this approach may have overlooked certain data 
science topics that were taught but not assessed, or those that 
were evaluated through quizzes or exams not considered as 
part of the module analyses presented here. 

Future work will extend the scope beyond this study by 
assessing student learning to determine the efficacy of 
instructional approaches and assess the long-term impacts      
on student learning and data science integration into STEM 
disciplines. This future work will include extending 
preliminary analyses [7], [43] and dive deeper into student 
perspectives and learning during the course of these classes 
that integrated data science. Furthermore, future work will 
include the analysis of additional resources, such as instructor 
slides and exam questions, to better identify the full range of 
data science topics covered. Additionally, long-term impact 
assessments will be conducted to further validate the 
effectiveness of this educational intervention. Lastly, future 
work will explicitly focus on the further development of the 
relationships and collaboration established across instructors, 
industry professionals, and universities during this 
partnership to build a network of professionals engaged in 
longer-term efforts to develop the knowledge necessary to 
integrate data science topics into higher education and 
develop students with the data science capabilities needed in 
STEM careers. 

VII. CONCLUSION 
The RPP in this work developed data science modules for 

a variety of STEM courses through an iterative process that 
emphasized the needs of the instructors by tailoring the 
modules to meet the disciplinary, academic level, and 
pedagogical requirements of each course. Throughout the 
RPP, instructors developed and organized data science 
modules that were integrated into their existing courses, 
shared resources (e.g., data sets) with each other, reflected on 
the multiple implementations of their data science module 
and made changes accordingly, and developed a shared 
module structure. This process resulted in instructors from 
three universities developing and integrating 12 modules into 
their respective courses.  

Instructors embed data science topics into their courses 
using disciplinary topics and real-world data with hands-on 
exercises. Effective data science instruction includes 
anchoring content into real-world case studies with hands-on 
exercises [12], [44]. Moreover, instructor background, 
disciplinary traditions, student backgrounds, and the needs 
and goals of a course influenced how data science was 
perceived, topics included, and how integration happened. 
Instructors showed a common interest in integrating data 
communication (i.e., interpreting and generating 
visualizations) and statistical analyses. This finding has 
implications for those who want to integrate data science into 
their own course: instructors should be mindful of such points 
as balancing the depth and breadth of the data science content 
given their courses’ goals and time availability, the content’s 
real-world application, and their students’ interests and 
background about the content.   

Instructors faced the challenge of large differences in 
student backgrounds on data science content and identified 
ways of dealing with this challenge including development of 
tutorials, leveraging teaching assistants, and grouping 
students based on experience levels. Instructors were able to 
identify and use relevant authentic, real-world data in their 
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courses. Some previous studies indicate this as a barrier to 
data science teaching and learning [42], [45], suggesting the 
need for shared resources, like those that are shared on the 
website of this study (ds4stem.org). Lastly, no instructor 
reported major issues with the lack of space in curricula for 
the integration of data science content despite this being 
noted as a common barrier elsewhere [46], [47], suggesting 
that the approach to integrating data science within discipline 
specific courses may help mitigate this issue when instructors 
have full control over the content being integrated into their 
courses. Also, this approach may result in more long-term 
sustainable integration because such an integration method 
helps embed data science concepts into the disciplinary 
context rather than additional topics to be covered in an 
already busy course. Also, such an integrated approach 
bypasses the problem students can have in transferring their 
data science skills to their disciplinary context [16], [17].  
 Overall, this paper demonstrated the effectiveness of the 
RPP in developing structured data science modules that can 
be integrated into multiple STEM courses and engages more 
than 800 students to data science instruction, of which 80% 
were from under-represented groups in STEM:  women, 
Black, Hispanic/Latino, English as a second language, or 
first-generation college student. Additionally, instructors 
developed and implemented modules not only during the 
timeline of this NSF project but continue to do so, suggesting 
the long-term viability of this approach. Furthermore, it was 
also shown how different instructors can work together and 
benefit each other in module and assessment development. 
This suggests that universities that wish to encourage faculty 
to integrate data science into their STEM curricula could 
benefit from creating a space for instructors across disciplines 
to meet and discuss the design and implementation of 
curricula aimed at integrating data science into their courses. 

Substantive contributions statement: 
 A portion of the data used in this manuscript was 
previously presented at the 2022 ASEE Annual Conference 
& Exposition [43]. Specifically, data from four out of the 12 
modules analyzed in the current study were included in the 
conference paper. However, the research questions, 
objectives, and analyses in this manuscript are distinct from 
those in the conference paper. The present study incorporates 
data from eight additional data science modules and includes 
qualitative data from one-on-one interviews with 
participating instructors, which were not part of the 
conference paper. These additional data sources and analyses 
provide a more comprehensive understanding of the 
integration of data science modules into undergraduate 
STEM courses and offer new insights into the instructors' 
perspectives and experiences throughout the process. Thus, 
this manuscript presents a substantive and novel contribution 
beyond the preliminary findings reported in the conference 
paper. 
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