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Teaching Human-Machine Teaming using Cyber-Physical
Systems

Abstract

In the era of generative artificial intelligence (GenAI), students must develop foundational
human–machine teaming (HMT) skills early in their academic careers in order to apply them
effectively across subsequent coursework and professional contexts. This paper presents an
instructional approach for developing such skills across all academic majors through
project-based learning centered on microcontrollers and cyber-physical systems (CPSs). Prior to
the advent of GenAI, the steep technical learning curve associated with microcontroller-based
projects often deterred non-engineering students; however, GenAI has lowered this learning
barrier, creating new opportunities for hands-on instruction in HMT principles. CPS-based
projects proved effective for teaching HMT because they require deliberate problem solving and
hardware–software integration, which in turn necessitate substantive collaboration with GenAI
and reinforce key HMT tenets. Assessment results from the third iteration of a pilot course
indicate increased confidence in experimenting with technology and practicing HMT skills;
additionally, the results reveal comparable technical proficiency between STEM and non-STEM
majors. Together, these results suggest that CPS-centered projects provide an effective and
scalable pathway for introducing HMT concepts early in the curriculum.

1 Introduction

Generative artificial intelligence (GenAI) is rapidly transforming education and professional
practice. As it becomes more widely adopted in the workplace, college graduates must be
prepared to collaborate effectively with GenAI to enhance productivity, creativity, and
problem-solving capabilities. Without such preparation, graduates risk being disadvantaged
relative to peers who are more adept at human–machine collaboration. Recognizing this shift,
many institutions of higher education have begun embracing the integration of AI into their
curricula [1, 2].

A key challenge in this integration is ensuring that students develop foundational human-machine
teaming (HMT) skills early in their academic careers. Establishing this foundation allows
subsequent courses to reinforce and extend HMT concepts rather than introducing them for the
first time. However, teaching HMT effectively requires problem contexts that are sufficiently
complex to demand genuine and iterative collaboration between humans and GenAI, rather than
tasks that can be easily solved through automated code or text generation with minimal human
involvement. We have found that cyber-physical systems (CPSs), implemented through



microcontroller-based projects, provide an effective context for developing these skills. This
paper reports on our experiences teaching HMT principles and GenAI skills to students from
nearly all academic majors using CPS-centered learning activities.

Prior to GenAI, microcontroller-based projects often presented formidable technical barriers for
first-year students and non-STEM majors, as the simultaneous demands of low-level
programming and circuit design created a steep learning curve. GenAI has substantially lowered
these barriers by assisting with coding tasks and supporting interaction with Internet of Things
(IoT) devices, sensors, and microcontrollers. As a result, students with little or no prior technical
background can now participate meaningfully in the design and construction of functional CPSs
through effective teaming with GenAI.

Although programming expertise is intentionally de-emphasized in this course, students still
achieve a rich set of learning outcomes related to both problem solving and human–AI
collaboration. The course employs a structured engineering problem-solving process as a guiding
framework, requiring students to engage iteratively with GenAI at each stage, ranging from
problem definition through prototype testing. Each stage of the problem-solving process presents
distinct opportunities for collaboration with GenAI, helping students develop an understanding of
not only how GenAI can be used, but also where its strengths and limitations lie.

Microcontroller-based CPS projects are particularly well suited to this instructional approach
because they require the physical integration of hardware and software. This added complexity
prevents students from relying solely on GenAI-generated outputs and instead requires them to
assemble, test, and debug systems through hands-on experimentation and validation. These
activities expose the limitations of GenAI firsthand: while models can generate code or design
suggestions, they cannot perform wiring, debugging, or empirical testing on physical systems.
This contrast reinforces a core principle of HMT, namely that effective teams leverage
complementary strengths across human and machine contributors. In addition to this principle
and the importance of validating automation, students develop key HMT competencies such as
task allocation, multimodal interaction with GenAI (e.g., text, voice, images, and code), and the
construction of effective prompts. Collectively, these skills position students for success in
academic and professional environments where GenAI will be pervasive.

This paper presents both our pedagogical approach and assessment results from the third iteration
of a pilot course at the United States Military Academy (USMA). Students report increased
confidence in using GenAI productively, improved prompting strategies, greater awareness of the
technology’s strengths and limitations, and an expanded sense of what they can accomplish with
computing technologies. Objective performance data further demonstrates that non-STEM majors
achieved technical proficiency comparable to their STEM peers, validating the accessibility of this
approach. Assessment results also indicate increased student interest in CPS-related technologies
and positive perceptions of the value of CPS-based, hands-on problem-solving experiences.

We propose CPS-centered projects as a scalable model for developing foundational HMT skills
across all majors in the GenAI era. Whether implemented in a general education course, a
first-year engineering experience, or a short workshop, such activities equip students with HMT
competencies needed for the future workforce. The result is graduates who are not only proficient
users of GenAI, but also adaptive, creative, and effective problem solvers.



2 Related Works

Recent work in engineering and computing education has explored the integration of generative
artificial intelligence (GenAI) into coursework, particularly as a support tool for programming,
tutoring, and problem solving [3]. Studies report that tools such as ChatGPT can lower barriers to
entry, support novice learners, and accelerate learning outcomes [4, 5]. A growing number of
classroom implementations demonstrate the use of GenAI in computer programming,
emphasizing the importance of effective prompting techniques [6] and reporting gains in
computational thinking, programming self-efficacy, and student motivation [7]. While these
efforts demonstrate the potential of GenAI to enhance learning, they often focus on isolated
integrations within specific courses rather than on developing foundational skills for effective
human–AI collaboration early in a student’s academic journey.

The concept of human–machine teaming (HMT) provides a useful theoretical lens for
understanding how humans and intelligent systems can work together effectively. A core
principle of HMT is the intentional allocation of roles that leverage the complementary strengths
of humans and machines while mitigating their respective limitations [8]. Prior research also
highlights the importance of trust and tolerance for both ambiguity and risk in effective teaming
[9, 10]. In parallel, work in human–automation interaction underscores the continued role of
humans in supervision, validation, and decision-making as autonomy increases [11]. For
example, although GenAI can significantly accelerate software development tasks,
machine-generated code may contain errors or vulnerabilities, reinforcing the need for human
testing and validation [12]. Despite the maturity of these principles, their systematic application
within undergraduate engineering curricula in the GenAI era remains limited.

Cyber-physical systems (CPSs) and microcontroller-based project learning have long been used
to support hands-on, integrative learning in engineering education [13, 14]. Prior studies show
that CPS projects can enhance student engagement, systems thinking, and understanding of
hardware–software integration, including for first-year and non-electrical engineering students
[13]. However, much of this work predates the widespread availability of GenAI. More recent
studies demonstrate that tools such as ChatGPT can effectively support microcontroller
programming for students with limited prior experience, increasing accessibility to embedded
computing systems across disciplines [15].

Building on these principles of role allocation and human oversight, our approach deviates from
traditional curricula by prioritizing intent-based design over rote syntax. Programming is not
merely outsourced to the machine; rather, it is performed by the human through natural language,
with GenAI serving as a teammate that interprets this intent and translates it into functional code.
This approach abstracts low-level syntax to support a general education audience while
maintaining the student’s role as the primary creative and technical driver. In this environment,
the human provides the conceptual logic and system architecture, while the machine facilitates
the realization of that vision. Consequently, HMT principles are operationalized through a
continuous loop of prompt engineering, code synthesis, and iterative testing. This reinforces
foundational HMT skills, such as strategic task allocation, iterative refinement through
human–machine interaction, and rigorous human oversight as students navigate the design,
construction, and validation of CPS projects.



3 Curriculum Design for Teaching HMT Principles

3.1 Overall Course Construct
The course discussed in this paper is a required general education course taken by a majority of
academic majors at USMA, with select engineering programs exempted. These exempted majors
satisfy the general education requirement through alternative coursework within their degree
programs. The course is designed to achieve multiple institutional learning outcomes beyond
electronics and cyber-physical systems (CPSs). The broader structure and thematic goals of this
predominantly technology-focused course, including its emphasis on project-based learning,
building self-efficacy, and integrating emerging technologies, have previously been described in
[16]. The present work focuses on a distinct instructional dimension of the course: the use of
GenAI within a microcontroller-based CPS instructional sequence to develop foundational
human–machine teaming (HMT) skills. Collaboration with GenAI is allowed and encouraged
across a series of mini-projects, and this paper examines how the electronics and
microcontroller-centric portions of the curriculum, in particular, provide a uniquely effective
context for practicing HMT.

Throughout the course, full collaboration with GenAI is authorized and encouraged on all
homework assignments and projects. However, to isolate and reinforce the development of HMT
skills, collaboration between students was restricted. This constraint was intentionally imposed to
force students to rely on GenAI as their primary teammate for technical assistance and debugging,
rather than defaulting to peer-to-peer support. Students are required to include a brief
documentation statement with each submission that identifies the GenAI platform(s) used and
provides links to any associated chat sessions. This practice allows instructors to examine how
students are engaging with GenAI and to better understand their teaming strategies during the
design and implementation of CPSs.

The CPS instructional block spans seven 75-minute in-class lessons. The first lesson introduces
microcontrollers through a case study highlighting real-world innovations, emphasizing
bottom-up design approaches to motivate student interest. Subsequent lessons cover the
fundamentals of direct-current (DC) circuits and rapid prototyping using breadboards. Instruction
on basic circuit elements is limited to resistors, light-emitting diodes, transistors used as electrical
switches, and common sensors, which are analyzed using foundational models such as Ohm’s
Law and Kirchhoff’s Voltage Law. In addition, students are introduced to finite state machine
(FSM) diagrams as a formal method for specifying system behavior prior to
implementation.

Outside of class, students complete three mini-projects as part of the CPS instructional block. All
projects are deliberately designed to require physical wiring of external circuitry connected to a
microcontroller development board. This constraint ensures that the projects are not purely
software-based, preventing students from relying solely on GenAI-generated solutions and
instead requiring meaningful hands-on engagement and validation.

Students are issued an Adafruit Bluefruit microcontroller with a TFT Gizmo display, as shown in
Figure 1. The microcontroller and display are mounted on a custom printed circuit board (PCB)
that breaks out selected input and output pins and includes space for a miniature breadboard. This



configuration enables students to easily connect external circuitry to the microcontroller,
facilitating the direct physical interfacing required to add components and extend the
functionality of their CPSs. Although the development board includes several onboard sensors
and light-emitting diodes, the added breadboard and breakout pins provided by the custom PCB
play a critical role in supporting hands-on construction and rapid prototyping. For software
development, students program the device using CircuitPython and the Mu integrated
development environment.

(a) Front View (b) Back View

Figure 1: Front and back views of the custom circuit board with integrated microcontroller, display,
and breadboard used for rapid CPS prototyping.

3.2 Design and Execution of the Mini-Projects
To facilitate process-based learning [17] and reinforce an engineering problem-solving approach,
students are guided to use a structured problem-solving process (PSP). Because each stage of the
PSP involves distinct cognitive and technical activities, the process naturally supports different
modes of collaboration with GenAI, enabling instruction in foundational HMT principles. While
multiple engineering problem-solving frameworks exist, this course adopts a four-stage model
consisting of Define, Design, Create, and Validate. Table 1 summarizes some representative
student activities at each stage, the corresponding roles assumed by GenAI, and the HMT skills
emphasized.

In initial iterations of the course, the Define stage was largely given by written instructions.
Observations revealed that providing written assignment instructions inadvertently encouraged



Table 1: Alignment of the Problem Solving Process (PSP) with GenAI Roles and HMT Skills

PSP Stage Typical Student Activity Role of GenAI HMT Skill Emphasized

Define Reframe and analyze problem
statement

Review problem statement,
stakeholder requirements – offer
feedback

Collaborative sensemaking

Identify requirements, con-
straints, inputs & outputs

Suggest feedback, potential
gaps, and challenges

Critical evaluation of GenAI
feedback

Design Brainstorm design approaches List strengths and weaknesses of
each approach

Creative ideation with GenAI
support

Decompose problem into sub-
systems; sketch state machine
diagram and design circuits

Review and offer feedback on
diagram

Task decomposition and abstrac-
tion

Create Wire sensors and electrical com-
ponents

Review wiring and respond to
targeted questions

Embodied execution informed
by GenAI

Prompt GenAI for software code Provide software code Effective prompting and iterative
refinement

Validate Develop test cases Review test plan and offer feed-
back

Verification planning and com-
pleteness checking

Test each case and verify func-
tionality

Offer troubleshooting advice if
problems encountered

Complementary troubleshooting
and diagnosis

superficial engagement during this critical phase. Students frequently pasted assignment text
directly into GenAI tools without supplying necessary context that was implied but not explicitly
stated in the prompt, such as the specific microcontroller model (Adafruit Bluefruit), the display
(TFT Gizmo), the required programming language (CircuitPython), or the integration of specific
discrete components. Lacking these constraints, GenAI models often generated code using
incompatible libraries or incorrect languages (e.g., C instead of Python), leading students into
‘rabbit holes’ of debugging code that was fundamentally unsuited for the hardware at hand.

To address this ‘context gap’ and promote more deliberate engagement during the Define stage,
future iterations of the course will modify how assignment instructions are delivered. Rather than
providing written project specifications, students will receive the intent of the system design
verbally. This approach requires students to actively synthesize requirements and formulate their
own prompts, rather than relying on verbatim transcription of assignment text into GenAI tools.
To further support this process, a requirements checklist will be provided to prompt students to
explicitly define system constraints and assumptions, including the hardware platform, relevant
libraries, and known inputs and outputs, prior to engaging the AI. These instructional scaffolds
are intentionally limited in scope, supporting problem framing without prescribing solution
strategies. Together, they ensure that the student, as the human teammate, practices their critical
role in defining the problem effectively, while reducing frustration associated with under-specified
prompts and misaligned machine-generated solutions.

The Design stage includes two required submissions that students must complete before
proceeding to implementation: a finite state machine (FSM) diagram and a completed circuit



wiring diagram. While the FSM requires students to specify the system’s behavior, the wiring
diagram ensures that they understand the physical connections between the microcontroller,
sensors, and actuators. Because of the limited coverage of electronics in the course, students are
provided with a partially completed schematic and are expected to identify and sketch the
additional connections required to make the system functional. These checkpoints ensure that
students have developed a sound technical blueprint that addresses stakeholder requirements and
prepares them for the physical wiring and software creation phase. When these artifacts are
introduced, an in-class activity is used to demonstrate the multiple modalities through which
students and instructors can collaborate with GenAI in real time. These interactions include
sharing photographs of hand-drawn FSM sketches, screenshots of completed wiring diagrams,
and engaging in live, conversational exchanges using GenAI-enabled mobile applications that
access device microphones and cameras. Through this activity, students experience how GenAI
can interpret visual artifacts, identify potential wiring errors or logic gaps, and simultaneously
respond to spoken questions. This enables immediate feedback on design decisions and provides
GenAI with additional context to support subsequent code development.

While current GenAI tools are effective at interpreting FSMs and wiring diagrams to provide
feedback, they often struggle to generate these visual artifacts from scratch in a way that meets all
required specifications. In particular, GenAI-produced diagrams frequently omit important details
such as labeled transition arrows, clearly defined state actions, or correct pin-to-component
mappings. As a result, this stage requires substantial human involvement, attention to detail, and
critical evaluation of GenAI outputs. In doing so, the Design stage of the problem-solving process
reinforces key HMT principles, including leveraging complementary strengths and validating
automated outputs against a human-defined technical requirement.

The Create stage of the problem-solving process primarily involves wiring the necessary circuitry
and collaborating with GenAI to develop software code. This stage provides multiple
opportunities to reinforce HMT principles and to practice effective GenAI teaming techniques,
including structured prompting strategies. In particular, students learn the importance of
providing sufficient contextual information to GenAI and develop an understanding of context
windows within individual chat sessions. Through this experience, students quickly recognize the
need to specify details such as the microcontroller model, display type, programming language,
and compatible libraries in order to obtain useful results. Without this context, GenAI frequently
generates code that relies on incompatible libraries or unsupported features.

To address this challenge, students are introduced to specific prompting practices, including the
use of ‘warm-up’ prompts to prime the model with relevant context at the beginning of a new chat
session. Students are also encouraged to specify known-compatible libraries, such as those
provided by Adafruit for the Bluefruit platform, to obtain more reliable results. Together, these
practices reinforce the importance of high-quality prompting for effective collaboration with
GenAI.

Students also learn that effective collaboration with GenAI typically requires iterative interaction
rather than one-shot prompting. While a well-crafted prompt may occasionally yield functional
code in a single attempt, this outcome is not typical. Instead, students are encouraged to
implement and test individual subsystems before incrementally integrating them into a complete
solution. This approach requires students to break down complex requirements into manageable



tasks and to engage GenAI on narrowly scoped subtasks. By constraining each interaction in this
way, students obtain more focused and precise responses that are easier to test and verify. In turn,
this reinforces a core human–machine teaming principle: the human’s responsibility for
incremental development, continuous testing, and the validation of automated outputs throughout
the integration process.

Collaboration with GenAI during the Create stage extends beyond software development.
Students must also physically assemble and debug their circuits. Instructors demonstrate how
GenAI mobile applications can be granted access to device cameras and microphones, enabling
GenAI to inspect physical wiring and respond to spoken questions in real time. This multimodal
interaction allows GenAI to provide targeted guidance when students encounter hardware-related
issues and reinforces the idea that effective HMT can involve multiple modes of interaction.

The final stage of the problem-solving process requires students to Validate their CPSs. Students
revisit their finite state machine diagrams to confirm the expected behavior for each system state
and associated actions. They are required to submit a concise video demonstrating system
functionality, including correct state transitions and appropriate responses to valid inputs. In
addition, students must demonstrate system robustness by showing that invalid or unexpected
inputs do not result in unintended behaviors, thereby reinforcing the importance of systematic
testing and validation of GenAI-generated code. This phase is especially important in the GenAI
era, as verification and validation remain essential human oversight responsibilities in effective
human–AI teaming.

Notably, this validation process serves as a mechanism for calibrating student trust in the
technology. As students encounter discrepancies, such as unexpected state actions or missing
transitions, they learn that GenAI outputs are not infallible. These errors, whether resulting from
insufficient prompting or the model’s inherent limitations, underscore the necessity of human
oversight. Through methodical testing, students internalize a core HMT principle: that while
GenAI can be a powerful partner, it cannot be blindly trusted, and its contributions must be
rigorously verified against physical reality.

3.3 Examples of Mini-Projects
A wide range of CPS projects can be used to support instruction in HMT with GenAI. A key
design criterion for the projects used in this course is the requirement that students wire external
circuit components rather than rely solely on sensors and outputs integrated on the
microcontroller development board. This constraint ensures that students must engage in
hands-on circuit construction and testing, rather than simply uploading code and verifying system
behavior through software alone. By requiring the integration of external sensors, light-emitting
diodes, resistors, and transistors, the projects increase system complexity in ways that necessitate
greater human involvement through physical circuit wiring while reinforcing foundational
electronics concepts.

Students completed three CPS-focused mini-projects during this instructional block;
representative examples are shown in Figures 2–4. In the first project (Figure 2), students
designed, implemented, and demonstrated a notional temperature-monitoring system, beginning
with the development of a finite state machine (FSM) diagram to guide system behavior. An



external potentiometer was used to vary the simulated temperature input, which was read by the
microcontroller through analog-to-digital conversion. The system consisted of three states: safe,
warning, and danger. Each state triggered specific actions, such as illuminating LEDs of different
colors and activating the onboard buzzer. Students implemented this design on the
microcontroller and demonstrated correct operation across all states and transitions. This project
provided practice in basic breadboarding techniques and introduced key concepts related to
potentiometer operation and analog sensing. As with all projects in the sequence, students
collaborated with GenAI to generate and refine software code and were required to validate
system behavior using a structured test plan that exercised all possible states and transitions.

Figure 2: Student-built CPS intended to model as a temperature-monitoring system, where an
external potentiometer was used to vary the system’s input state.

The second mini-project (Figure 3) focused on signal detection and transistor-controlled
actuation. In this assignment, students configured the microcontroller to detect a trigger-event
signal from a push-to-talk handheld radio. Upon detection, the microcontroller drove an output
pin high, biasing an external bipolar junction transistor and allowing current to flow through an
LED with a current-limiting resistor. To increase design complexity, the FSM included an
inactive state in which detected signals were ignored when an onboard slide switch was set to the
disabled position. This project deliberately required students to make multiple external
breadboard connections, reinforcing basic electronics concepts and emphasizing hands-on circuit
construction. Students interfaced the radio’s headphone output with the microcontroller to sense
voltage changes and correctly wired and biased the transistor for reliable operation. Despite
introducing new circuit elements, the assignment remained accessible to students from all



academic majors and was typically completed within one week as an out-of-class activity when
paired with supporting in-class instruction.

Figure 3: Student-built CPS demonstrating the wireless activation of an LED from a push-to-talk
radio.

The third and final mini-project (Figure 4) was designed to expose students to the broader
possibilities of Internet of Things (IoT) systems and wireless communication. In this project,
students connected their smartphones to the microcontroller using the Adafruit Connect mobile
application over Bluetooth. When the system was placed in an appropriate state using an onboard
slide switch, the microcontroller responded to commands received via Bluetooth by actuating an
external servo motor. The primary external hardware requirement for this project was the correct
wiring of a servo motor. This assignment emphasized system integration, wireless
communication, and state-dependent actuation while reinforcing the principles of effective HMT
through GenAI-supported development and validation. Collectively, these mini-projects provided
repeated opportunities for students to learn fundamental principles of HMT and practice GenAI
techniques through each stage of the PSP.

While the microcontroller-centric portions of the curriculum provide a tangible context for HMT,
they represent only one phase of a broader instructional sequence integrated throughout the
course. Other thematic blocks operationalize HMT principles within diverse technological
domains to reinforce the broad applicability of effective human–AI collaboration. For instance,
during the study of network protocols, students utilize tools like Wireshark to perform packet
captures and subsequently team with GenAI to analyze the data, generating protocol distribution
charts and identifying network behavior patterns. Similarly, a separate module challenges



Figure 4: Student-built CPS demonstrating Bluetooth activation of servo motor.

students to leverage GenAI for creative brainstorming and the production of influential short-form
video messages. By situating HMT within these varied contexts, the course ensures that students
develop a robust, generalizable fluency in directing AI as a teammate.

4 Student Experience

To examine student perceptions of the CPS instructional block, an optional and anonymous
post-instructional survey was administered. During the Fall 2025 semester, the course enrolled a
total of 329 students, of whom 197 elected to complete the survey. The respondents represented a
diverse range of academic backgrounds, reflecting the course’s role as a general education
requirement; approximately 42.6% of enrolled students were pursuing degrees in STEM
disciplines, while 57.4% were majoring in the humanities or social sciences. Survey items used a
five-point Likert scale ranging from 1 = Strongly Disagree to 5 = Strongly Agree. The survey was
designed to capture student perceptions related to key learning outcomes associated with HMT
and GenAI fluency. Figure 5 presents a 100% stacked bar chart summarizing student responses to
these items. The full text of the survey statements corresponding to the abbreviated labels shown
in the figure is provided in Table 2.

To further examine student responses, descriptive summary statistics were computed and are
reported in Table 3. Across all survey items, mean scores were near or above 4.0 on a five-point
Likert scale, indicating generally positive student perceptions. Particularly strong agreement was
observed for items related to GenAI awareness, effective prompting strategies, and confidence in
using GenAI productively. Standard deviations were relatively low across items, suggesting a
high degree of consistency in student responses. While interest in furthering their study of CPSs
showed slightly lower mean scores than GenAI-related items, responses remained above neutral,
indicating broad acceptance of CPS-based projects across academic majors.



Table 2: Mapping of abbreviated labels used in Figure 5 to the full Likert-scale survey item state-
ments.

Abbreviated Label Full Statement

Learning Value This instructional block was a valuable learning experience

Tech Confidence This instructional block increased my confidence in exploring and experiment-
ing with technology

CPS Interest This instructional block inspired me to want to learn more about microcon-
trollers

GenAI Partnering I used generative AI during this instructional block, and it inspired me to want
to partner more with generative AI

GenAI Awareness This instructional block helped me discover the strengths and weaknesses of
generative AI

Prompting Skills This instructional block taught me the importance of constructing effective
prompts to get useful, accurate results from generative AI

Barrier to Entry After this instructional block, I feel the barrier to entry to adapt and innovate
with technology is lower than I anticipated

GenAI Coding Confidence I feel more confident that I could use generative AI to create effective computer
code and accomplish more complex tasks

Table 3: Descriptive statistics for Likert-scale survey items assessing student perceptions of the
CPS instructional block and GenAI-supported learning.

Survey Item (Abbreviated) N Mean SD % Agree / Strongly Agree

Learning Value 197 3.97 0.81 78.68%
Technology Confidence 197 4.00 0.79 79.19%
CPS Interest 197 3.68 1.05 62.44%
GenAI Partnering 197 4.13 0.86 81.73%
GenAI Awareness 197 4.25 0.80 85.28%
Prompting Skills 197 4.26 0.81 85.28%
Barrier to Entry 197 3.94 0.89 76.65%
GenAI Coding Confidence 197 4.20 0.83 85.28%
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Figure 5: 100% stacked horizontal bar chart showing student responses to Likert-scale survey
items assessing perceptions of the CPS instructional block and GenAI-supported learning.

To complement these self-reported perceptions, we also analyzed objective performance data to
examine the accessibility of the technical content for non-STEM majors. A comparison of CPS
mini-project grades revealed comparable achievement across academic backgrounds, with STEM
majors averaging 90.7% and non-STEM majors averaging 91.3% across the instructional block.
Performance variability was also similar between groups, with overlapping standard deviations
observed across all assignments. Detailed summary statistics for each mini-project, including
assignment-level means and standard deviations by academic background, are provided in
Table 4. This parity in outcomes suggests that the GenAI-supported workflow effectively
mitigated technical barriers often associated with microcontroller-based coursework, enabling
non-STEM students to achieve proficiency levels comparable to their STEM peers.

Table 4: Mean CPS Mini-Project Scores (Percent) by Academic Background

Assignment (Points) STEM Non-STEM

Mean (%) SD (%) Mean (%) SD (%)

Temperature Warning System (35) 90.41 19.75 90.91 13.84
Push-to-Talk Radio Signal Detection (60) 91.02 18.57 90.95 15.05
Bluetooth-Controlled Servo (60) 90.73 14.50 91.94 8.82

Total (155) 90.69 11.70 91.32 8.87



5 Conclusion and Future Work

This paper presented a project-based approach for developing foundational human–machine
teaming (HMT) skills using cyber-physical systems (CPSs), with the aim of preparing graduates
for the GenAI era. By structuring the curriculum around a systematic engineering
problem-solving process, the course offers a critical broadening experience for students of all
academic majors, introducing them to real-world engineering methodologies. The curriculum
teaches HMT by emphasizing the incremental development and testing of solutions, positioning
GenAI as a collaborative teammate throughout the entire problem-solving process. The physical
nature of microcontroller-based projects required students to integrate hardware and software
while preventing overreliance on GenAI. This constraint reinforced core HMT principles,
specifically the need to leverage complementary strengths and validate machine-generated
outputs against physical reality.

Assessment results from the third iteration of the course provide strong evidence for the
accessibility of this approach. In addition to positive self-reported perceptions, objective
performance data revealed comparable, and in some cases, slightly higher achievement by
non-STEM majors relative to their STEM peers on CPS mini-projects. This outcome suggests
that GenAI-supported human–machine teaming can effectively lower traditional barriers to entry
associated with microcontroller-based coursework. By leveraging this approach, students without
prior technical backgrounds achieved proficiency levels on par with, or exceeding, those of their
STEM peers. Survey responses further indicate increased GenAI awareness, confidence in
effective prompting strategies, and positive perceptions of the value of CPS-based, hands-on
learning across academic backgrounds.

Several opportunities for future work remain. Planned iterations of the course will more explicitly
scaffold the Define stage of the problem-solving process to promote deeper engagement with
problem framing and requirement generation, particularly through open-ended and verbally
delivered project prompts. Additional work will refine assessment instruments to more directly
measure specific HMT competencies, such as incremental development and validation practices,
beyond self-reported perceptions. Longitudinal studies examining how students transfer these
skills to subsequent courses or professional experiences would further strengthen understanding
of the lasting impact of this approach.

More broadly, this work demonstrates the potential of CPS-based, GenAI-supported projects as a
scalable and inclusive model for developing HMT skills and GenAI fluency across the
curriculum. By emphasizing effective human–machine collaboration rather than narrow technical
specialization, this approach offers a pathway for preparing students from all majors for future
academic and professional contexts in which GenAI will play an increasingly central role.
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