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1 Introduction

The rapid advancements in generative artificial intelligence (Al) have significantly
impacted education, reshaping teaching methodologies and assessment practices
across various disciplines [1, 2]. STEM Education in higher education encompasses
multidisciplinary programs that primarily apply science, technology, engineering,
and mathematics—AI offers innovative tools that enhance instructional efficiency
and learning outcomes [3]. Recent developments in generative Al technologies,
such as ChatGPT, Codex, Gemini, and Photomath have enabled educators to
design complex assessment questions, provide real-time personalized feedback,
and automate labor-intensive grading processes [4—6]. These advancements are
particularly relevant for STEM fields, where managing large classes and assessing
higher order thinking skills and non-cognitive outcomes remain a challenge [7].
Generative Al's potential lies in its ability to personalize academic assessments
by adapting to individual student needs, thus fostering engagement and deeper
conceptual understanding [8]. AI’s capability to analyze large datasets also aids
in identifying trends in student performance, providing educators with actionable
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insights to refine their teaching approaches [9]. Moreover, automation reduces the
administrative burden on educators, enabling them to focus on delivering quality
instruction. However, these opportunities also introduce complexities—such as
ethical considerations, technical nuances, and evolving pedagogical practices—
that must be carefully managed to ensure the equitable and effective use of Al in
education [10].

The integration of generative Al into STEM education raises a host of ethical
challenges, including algorithmic bias, data privacy, academic dishonesty, and the
transparency of Al-driven decision-making [3]. These issues have been highlighted
in recent studies, emphasizing the need for caution and responsibility in utilizing
Al technologies [11-13]. For STEM faculty, addressing these challenges involves
striking a balance between leveraging AI’s benefits and maintaining academic
integrity.

Ethical dilemmas also extend to concerns about over-reliance on Al tools [14].
Questions arise about the extent to which Al should influence assessment practices
and whether it could diminish the critical role of human judgment in evaluating
student performance [8]. Faculty must also contend with the potential for inequities,
as students with limited access to technology may be disadvantaged by Al-driven
approaches [15]. These challenges highlight the need for targeted strategies to
address ethical concerns and ensure that Al integration enhances, rather than
undermines, the quality of STEM education [16].

While the literature attest to generative AI’s role in transforming STEM assess-
ment in higher education, the practical and ethical dimensions of its use are often
overlooked. Most studies focus on technological capabilities, providing limited
insight into how faculty navigate ethical dilemmas while integrating Al into aca-
demic assessments. This chapter addresses these gaps by examining the experiences
of STEM education faculty in their use of Al tools for assessments. Exploring
the perspectives, challenges, and strategies of STEM educators offers a nuanced
understanding of generative AI’s role in academic assessments and contributes to
the discourse on its responsible and impactful implementation in higher education.
Specifically, this chapter aims to:

1. Explore the integration of generative Al in STEM academic assessments,
analyzing how educators across disciplines are utilizing these tools and the
perceived benefits and challenges.

2. Investigate ethical dilemmas associated with Al-driven assessments, including
fairness, bias, privacy, and transparency, to understand how faculty navigate these
issues.

3. Highlight practical strategies for ethical and effective Al integration, leveraging
case-specific insights from STEM educators to provide actionable recommenda-
tions for enhancing assessment practice.
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2 Understanding Generative Al in STEM Education
Assessments

2.1 Defining Generative AI

Generative Artificial Intelligence (AI) refers to advanced machine learning systems
designed to create new content based on existing data [17]. These systems, including
models such as OpenAI’s ChatGPT and Google’s Bard, utilize large language
models (LLMs) to generate text, code, images, and other outputs by analyzing
patterns in extensive datasets [18, 19]. Unlike traditional AI, which primarily
follows programmed rules to analyze or respond, generative Al possesses the ability
to “create,” offering outputs that mimic human-like reasoning and creativity [20].

In education, generative Al has gained traction for its capacity to perform
complex tasks such as drafting essays, summarizing large datasets, and creating
customized learning materials [21, 22]. Its potential extends even further in STEM
disciplines, which emphasize rigor, precision, and problem-solving. Beyond content
creation, generative Al provides adaptive solutions for assessments, addressing key
challenges such as scalability, accessibility, and personalization [3, 23].

2.2 How Al Is Poised to Transform STEM Assessments

Generative Al has introduced innovative opportunities to transform how STEM
assessments are designed, delivered, and evaluated [3, 24]. In traditional academic
environments, assessments often rely on standardized tests, lab reports, and projects
[24]. Traditional assessments in STEM education, such as written exams, problem
sets, and practical demonstrations, have long served as reliable measures of
student understanding [25]. These methods emphasize structured problem-solving,
procedural knowledge, and direct evaluation of student outputs. However, they often
face challenges related to scalability, personalization, and real-time feedback [26].
While these methods remain foundational, integrating generative Al offers potential
advancements in several key areas.

Al-driven assessment methods, in contrast, leverage adaptive learning tech-
nologies, automated grading, and generative Al models to create more dynamic,
responsive, and scalable evaluation frameworks [27]. Al-driven tools can instantly
evaluate coding assignments, create personalized problem sets tailored to student
performance, and gauge conceptual understanding through natural language inter-
actions [3].

A key distinction between the two approaches lies in their flexibility and effi-
ciency. Traditional assessments require significant manual effort from instructors,
whereas Al-driven approaches can automate grading, detect patterns in student
learning, and tailor feedback accordingly [2]. Despite these advantages, concerns
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about reliability, transparency, and ethical implications necessitate careful consider-
ation before full-scale adoption.

Personalization of Assessments

Generative Al enables the creation of assessments tailored to individual learning
needs [28]. For example, Al tools can adapt questions based on a student’s
proficiency, ensuring that assessments are neither too difficult nor too easy [29]. In
STEM education, this could involve generating dynamic problem sets for physics
or chemistry, where complexity adjusts based on prior responses. This adaptive
assessment design supports differentiated instruction, catering to diverse student
populations and learning styles.

Automation and Efficiency

One of the most significant transformations Al brings to STEM assessments is the
automation of repetitive tasks [30]. Grading lab reports, mathematical problem sets,
or engineering blueprints often consumes substantial instructor time. Generative Al
tools can analyze submissions, provide instant feedback, and assign scores with high
accuracy [31]. For instance, Malik et al. [32] illustrate how Al-powered platforms
can evaluate essays or scientific explanations, identifying errors in reasoning or
misapplications of principles. This efficiency allows instructors to focus on deeper
pedagogical goals rather than administrative burdens.

Enhanced Feedback Mechanisms

Providing meaningful, timely feedback is essential for STEM learning, yet it
is often constrained by time and resource limitations [25]. As per Mahapatra
[33], Generative Al can analyze student responses and offer targeted, constructive
feedback almost instantaneously. In disciplines like biology or chemistry, Al could
identify gaps in conceptual understanding and recommend specific resources or
strategies for improvement [34]. This immediate feedback loop fosters active
learning and engagement, particularly in subjects requiring cumulative knowledge
building.

Simulation and Modeling Capabilities

STEM fields frequently rely on practical, hands-on learning experiences, such as lab
experiments or engineering design projects [35]. Generative Al can support these
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activities by simulating scenarios or generating virtual experiments that mirror real-
world conditions [36]. For example, students studying earth sciences might interact
with Al-generated climate models to predict environmental outcomes under various
conditions [37]. Similarly, physics students could experiment with Al-generated
virtual apparatus to test hypotheses [38]. These simulations enhance accessibility
for institutions with limited physical resources and provide safe, cost-effective
alternatives to traditional practices.

Broadening Assessment Modalities

Traditional assessments often emphasize written responses or multiple-choice ques-
tions, which may not fully capture the multidimensional nature of STEM expertise.
Generative Al allows for more creative and interactive assessment formats [39].
For instance, Yilmaz & Yilmaz [40] reported that Al tools can generate complex
case studies for students to analyze or create coding challenges in technology
education. Additionally, Al-driven platforms can enable students to present findings
or solutions in innovative formats, such as Al-designed visualizations or multimedia
presentations [41].

Addressing Equity and Accessibility

Generative Al holds promise in addressing educational inequities by creating
opportunities for inclusive learning [42]. For students in underserved regions or
institutions, Al-driven assessments can democratize access to high-quality resources
and standardized testing frameworks [10]. For example, an Al tool could generate
localized examples and problem sets for students in different geographical contexts,
making content more relevant and engaging [43]. Furthermore, Al technologies
can accommodate students with disabilities by offering features like text-to-speech,
alternative formats, or simplified language options [44].

Generative Al is poised to revolutionize STEM education assessments through
personalization, automation, and expanded modalities [28, 30, 40]. Addressing
inefficiencies and fostering more engaging, equitable assessment experiences, Al
presents promising pathways for advancing STEM pedagogy [3]. However, its
adoption requires careful navigation of ethical and practical challenges to ensure that
it serves as a complement to, rather than a replacement for, traditional educational
methods [45]. This transformative journey calls for collaborative efforts among
educators, researchers, and policymakers to shape the future of STEM in higher
education.
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3 Ethical Dilemmas in Generative Al for STEM Education
Assessment

As generative Al becomes more integrated into STEM education, its potential
to streamline and enhance academic assessments is undeniable. However, these
innovations are accompanied by significant ethical dilemmas that challenge the
fairness, accountability, and integrity of Al-driven systems [46]. This section
explores key ethical concerns that arise in the use of generative Al for STEM
education assessments.

3.1 Bias and Fairness in AI Algorithms

Generative Al relies on large datasets for training, and these datasets often carry
the biases of the societies or systems they were sourced from [47]. In STEM
assessments, these biases can lead to inequitable outcomes. For instance, an Al
system trained predominantly on data from English-speaking students may struggle
to evaluate the work of non-native English speakers fairly, disadvantaging students
in diverse linguistic and cultural contexts [48]. Similarly, biases in historical datasets
may favor students from certain socioeconomic backgrounds or educational systems
while marginalizing others [47].

In STEM fields such as biology or engineering, where assessments may require
creative solutions or non-standard approaches, biased Al could unfairly penalize
students whose submissions deviate from the norm. This raises questions about
whether Al systems can adequately and fairly assess diverse learning targets [49].

3.2 Transparency and Accountability

A major ethical concern in Al-driven assessments is the opacity of decision-making
processes. Generative Al operates as a “black box,” meaning its inner workings
are often opaque, even to the developers [50]. In STEM education, this can create
significant issues as students need to be informed how complex assignments such
as physics simulations, mathematical proofs, or engineering designs are graded.

When an Al system generates a grade or evaluation, it is unclear to both educators
and students how a particular decision was made. This lack of transparency
undermines trust and accountability, especially in cases where the assessment results
are contested [8, 14, 51]. For instance, a chemistry instructor who uses Al in grading
a chemistry lab report may find it difficult to explain how a mark was made to any
dissatisfied student.
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3.3 Data Privacy and Security

Al systems rely on vast amounts of data to operate efficiently, raising concerns
about data collection, storage, and security [52]. In STEM assessments, sensitive
student information—ranging from personal details to academic submissions—
may be stored in centralized databases that could be vulnerable to breaches or
misuse [53].

For example, an Al tool used to evaluate earth science projects might store
detailed data about students’ geographical locations, research topics, and environ-
mental measurements. Without robust data protection measures, this information
could be accessed by unauthorized parties or repurposed for commercial gain. These
concerns become even more critical in the context of cross-border education, where
different regions have varying regulations on data privacy [54].

3.4 Academic Integrity and AI Misuse

Generative Al presents new challenges in upholding academic integrity in STEM
education. On the one hand, students may misuse Al tools to complete assessments,
undermining the learning process [55]. For example, a student might use an
Al platform to generate answers to biology quizzes or chemistry problem sets,
bypassing the need to engage with the material. This kind of misuse can diminish the
educational value of assessments and hinder the development of essential skills [15].

On the other hand, educators may misuse Al by relying too heavily on it for
grading and evaluation [56]. For instance, an instructor in a mathematics course
might use Al exclusively to grade problem sets without cross-checking the results,
potentially overlooking errors or nuances in the AI’s assessment. Such over-reliance
can reduce the quality of feedback students receive, limiting their opportunities for
growth and improvement [14].

The integration of generative Al into STEM education assessments is a double-
edged sword, offering unprecedented opportunities while introducing complex
ethical dilemmas. Bias and fairness issues challenge the equity of assessments,
while transparency concerns undermine trust and accountability [47]. Data privacy
and security risks raise questions about the protection of sensitive information,
and the potential for academic integrity violations highlights the need for careful
oversight [52]. As these dilemmas come to the forefront, they underscore the
importance of ongoing scrutiny and ethical reflection to ensure that Al-driven
assessments align with the values of fairness, accountability, and educational
excellence.
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4 Al-Integrated Assessment Experiences of Higher
Education Faculty

This section explores the real-world applications of generative Al in assessment
practices across various STEM disciplines in higher education, guided by a
qualitative case study methodology. Drawing upon Yin’s [57] principles for case
study research—specifically the value of contextualized, in-depth inquiry into
contemporary phenomena within real-life settings—this chapter aims to understand
how faculty members in higher education institutions experience and integrate Al-
driven assessment tools into their pedagogical practices.

The chapter adopts a multiple-case study design, focusing on seven faculty
members from selected higher education institutions in the Philippines. These
participants were purposively selected based on their practical engagement with
Al in STEM-related assessment tasks. Each case represents a distinct STEM sub-
discipline, including biology, chemistry, mathematics, earth science, physics, engi-
neering, and technology education. The diversity of these cases enables comparative
insights into disciplinary nuances while uncovering shared ethical, pedagogical, and
institutional themes.

Data were collected in December 2024 through a structured qualitative question-
naire administered via Google Forms. This asynchronous mode of data collection
allowed participants to respond at their own pace and convenience, facilitat-
ing thoughtful and reflective answers. Participants were asked to share narrative
accounts of their use of Al in assessment—highlighting specific tools used,
pedagogical intentions, perceived benefits, encountered challenges, and institutional
or ethical concerns.

All participants provided informed consent, with the study procedures adhering
to the ethical principles outlined in the Declaration of Helsinki and the Philippine
Data Privacy Act of 2012. Anonymity and confidentiality were ensured throughout
data handling and reporting processes.

The resulting narratives reflect rich, contextually embedded insights into AI’s
role in reshaping assessment methodologies. The cases detail the application of Al
in tasks such as personalized grading of student research papers in biology, Al-
enhanced feedback mechanisms for chemistry lab reports, and tailored mathematics
problem sets that respond dynamically to individual learning profiles. Other cases
involve the use of Al in analyzing complex geophysical data, implementing simula-
tions to improve conceptual understanding in physics, automating the evaluation of
engineering design projects, and facilitating project-based assessments in technical-
vocational education.

While a thematic analysis approach was employed to identify patterns across the
cases, the findings are presented as individual narratives to highlight disciplinary
contexts and preserve the depth of faculty experiences. This strategy allows for
an appreciation of both shared themes and the uniqueness of each disciplinary
integration of Al tools.
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Beyond merely cataloging technological affordances, the analysis also addresses
critical issues surrounding Al integration—including concerns over algorithmic
bias, data privacy, interpretability of Al-generated results, and readiness of insti-
tutions and educators. Faculty narratives reveal both optimism about AI’s potential
to enhance assessment validity and caution about ethical and logistical barriers that
need to be addressed.

These diverse yet interconnected cases offer rich, experience-based insights
into the evolving relationship between Al and assessment in higher education.
The findings demonstrate that while generative AI holds significant potential
for transforming STEM education, its integration must be anchored in sound
pedagogical principles, supported by ethical safeguards, and enabled through
institutional readiness. Such insights contribute to a deeper understanding of both
the transformative possibilities and the complex challenges involved in embedding
Al within academic assessment frameworks.

4.1 Carla’s Case: Al for Personalized Grading of Research
Papers in Biology

Carla, an associate professor of biology education with 8 years of experience,
has found great value in incorporating Al tools into her assessment practices. She
uses Al platforms like ChatGPT, Bing Al, and Bard to create customized quizzes,
projects, and problem sets, and utilizes Gradescope and Turnitin Al for evaluating
student responses. Her assessments span quizzes, exams, lab reports, projects, and
performance-based tasks such as experiments and demonstrations. Carla appreciates
Al for its ability to “save time” by automating grading and administrative tasks,
which has been particularly beneficial in managing large classes. Additionally,
AT’s accessibility and “cost-effectiveness” make it easier for her to keep up with
technological trends in education while ensuring assessments align with learning
outcomes and curriculum goals.

Carla defines generative Al as “artificial intelligence systems that can
autonomously create new content, such as written material, visualizations, or
simulations, based on existing data or patterns.” In the context of biology education,
she believes Al can “revolutionize academic assessments” by generating customized
quizzes, lab exercises, and interactive models that test students’ understanding of
biological concepts. Moreover, Al can create “dynamic case studies or problem-
solving scenarios” that allow students to apply their knowledge to real-world
situations, promoting deeper learning and critical thinking. She also highlights that
Al’s ability to provide “personalized feedback” can help students quickly identify
areas for improvement, facilitating a more individualized learning experience.

Carla is convinced that “generative Al offers several advantages for assessing
students’ work in the discipline of science education”. She explains that Al enables
the creation of personalized assessments that adapt to the individual needs and



238 D.P. Acutetal.

progress of students, ensuring that evaluations are “more relevant and targeted”.
Furthermore, Al can automate the generation of complex problem sets, simulations,
and interactive case studies that foster “deeper learning” by challenging students
to apply their knowledge in critical ways. Al also provides “instant, data-driven
feedback” that helps students improve rapidly. Analyzing patterns in student
responses, Al enables educators to identify trends in understanding and adjust
instructional strategies accordingly.

One of the primary advantages Carla sees in Al is its ability to improve grading
accuracy. She notes that Al can “automate the evaluation of complex answers”,
ensuring consistency and objectivity in scoring. Al also enables “personalized
feedback”™, tailoring responses based on individual student answers to target spe-
cific areas of weakness or confusion. In terms of administrative efficiency, Carla
emphasizes that Al “streamlines tasks like creating and organizing assessments”,
saving educators significant time and allowing them to focus more on substantive
teaching.

However, Carla acknowledges the limitations of Al in biology education. She
points out that Al struggles with evaluating the “depth of understanding in open-
ended or highly complex biological concepts”, as it may not recognize the nuances
in students’ reasoning. She also warns that Al-generated content may lack the
“creativity” needed to capture the full range of student thinking, particularly
in biology, where critical applications of knowledge are essential. She further
expresses concerns about the potential for bias in Al algorithms, which could
affect the fairness of assessments if the Al is trained on biased data. Moreover,
Carla notes that Al “may not fully account for contextual factors”, such as a
student’s background knowledge or learning style, which significantly influence
their approach to biology tasks.

Looking ahead, Carla believes that “Al will significantly shape the future of
assessment practices in STEM education” by enabling dynamic, personalized, and
efficient evaluation methods. She envisions Al facilitating the creation of “adaptive
assessments” that respond to individual student progress, making evaluations both
challenging and supportive. She also highlights AI’s potential in supporting “for-
mative assessments”, offering real-time feedback that guides student growth. AI's
capability to incorporate complex simulations and problem-solving tasks enables
students to showcase their understanding of biological concepts in “real-world,
applied contexts,” shifting the emphasis from rote memorization to fostering critical
thinking and problem-solving skills.

Carla emphasizes that Al-generated assessments should complement traditional
forms of assessment rather than replace them. While Al can “efficiently generate
adaptive, personalized quizzes” and provide immediate feedback, it cannot capture
the complexity of “critical thinking and problem-solving” that traditional assess-
ments, such as lab reports or research projects, are designed to evaluate. These
traditional assessments allow students to demonstrate their ability to “synthesize
knowledge, engage in in-depth analysis, and communicate their understanding”.
Carla believes that Al can support traditional assessments by providing “continuous,
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formative feedback”, but it should not replace the holistic skills these assessments
encourage.

In the context of research papers and lab reports, Carla envisions Al as a tool to
assist in the evaluation of certain aspects, such as “grammar, syntax, and adherence
to formatting standards”. Al could also help assess the “coherence and structure”
of a paper, ensuring that students have logically developed their arguments and
clearly articulated their methods and results. However, Carla insists that Al should
“complement the human aspect of assessment”, where educators assess the “depth
of analysis, creativity, and the application of biological principles” in students’
work.

Ultimately, Carla advocates for a balanced approach where AI and human
judgment work together. Al can automate routine tasks like grading quizzes and
analyzing lab report data, providing “quick and objective evaluations”, but human
instructors are essential for assessing more complex elements, such as “scientific
methods, the interpretation of results, and the creativity involved in experimental
design.” Carla believes that this balance will offer a “more comprehensive and effec-
tive approach to assessing student learning in biology.” Combining the strengths of
Al and human judgment allows educators to provide a richer, more personalized
learning experience for students.

4.2 Margaret’s Case: AI-Enhanced Feedback on Lab Reports
in Chemistry

Margaret, an assistant professor of chemistry at a public university with 5 years of
teaching experience, has integrated artificial intelligence (AI) into her assessment
practices in innovative and effective ways. In her role, Margaret teaches chemistry
courses to undergraduate students, with a focus on ensuring that assessments are not
only efficient but also provide meaningful feedback that supports student learning.
She has leveraged a variety of Al tools to enhance both her grading processes
and her interactions with students, while striving to maintain the integrity of her
assessments.

Margaret’s use of Al spans multiple aspects of assessment. To generate person-
alized and adaptive assessment questions, she utilizes Al tools like ChatGPT, Bing
Al, and Bard. These platforms allow her to create complex and diverse chemistry
problems that challenge students at various levels of understanding. Margaret
explains, “Al has allowed me to quickly generate questions that match the varying
levels of student understanding. Whether it’s a simple conceptual question or a
complex problem involving chemical equations, Al makes it easy to create tailored
assessments.” These tools can tailor questions to match the student’s learning pace,
ensuring that each student receives the appropriate level of challenge. Additionally,
Al assists Margaret in grading by automating repetitive tasks, particularly for
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multiple-choice and fill-in-the-blank assessments, enabling her to provide faster
feedback without compromising accuracy.

One of the most significant benefits that Margaret has observed in using Al
is the personalized feedback it offers to students. For example, she uses Al tools
like Grammarly and ChatGPT to provide real-time, tailored feedback on students’
written responses. She notes, “Al allows me to give detailed, immediate feedback
on their conceptual understanding. It identifies errors, suggests improvements, and
provides more personalized guidance than I could give manually for every student.”
These tools not only identify grammatical and syntactical errors but also offer
suggestions for improving clarity and coherence in students’ explanations. By using
Al-generated feedback, Margaret can help students identify their mistakes more
quickly, reinforcing key concepts and guiding them to more accurate and deeper
understanding. She believes that the combination of Al and personalized feedback
promotes a more engaged learning experience, enabling students to track their
progress and focus on areas that need improvement.

Another area where Al has proven invaluable to Margaret is in the analysis of
student performance data. Tools like Edulastic and Learning Analytics Al allow
Margaret to track trends in student performance over time, providing insights into
which topics or concepts are more challenging for her students. She explains,
“The data I get from Al tools helps me track performance patterns. I can quickly
spot topics where students consistently struggle and adapt my teaching methods
accordingly.” This data helps her identify patterns and adapt her teaching strategies
to meet the needs of her students. For instance, if a significant number of students
struggle with a particular concept, Margaret can revise her teaching approach,
develop additional resources, or offer supplementary materials to help them better
understand the topic. The Al-generated data also helps Margaret track individual
student progress, providing her with a clear understanding of each student’s
strengths and weaknesses.

In terms of assessments, Margaret primarily uses Al for quizzes, exams, lab
reports, and performance-based assessments such as experiments and demon-
strations. The Al tools help her design assessments that are both time-efficient
and innovative. For example, Al allows Margaret to create dynamic simulations
that engage students in virtual experiments, enabling them to practice and apply
their knowledge in a controlled, digital environment. These simulations allow
students to engage with content in new and interactive ways, providing them with
opportunities to reinforce their learning while developing practical problem-solving
skills. Margaret notes, “Simulations generated by Al offer my students a chance
to experiment in virtual labs, which is a great alternative to traditional lab sessions.
They can experiment with complex reactions safely and in real-time, deepening their
understanding of chemistry.”

Despite the many benefits Margaret has seen from using Al, she acknowledges
its limitations, particularly when it comes to assessing more nuanced, creative
problem-solving approaches. While Al tools excel at grading surface-level answers
and objective questions, they often struggle with evaluating open-ended tasks that
require complex reasoning or creativity. For example, in chemistry, many problems
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require students to develop hypotheses, design experiments, or think critically
about scientific concepts in novel ways. Margaret admits, “Al tools do a great
job assessing factual accuracy, but when it comes to evaluating a student’s unique
approach to a problem or their creativity in experimental design, it’s not as effective.
The AI may miss subtleties that are important in chemistry.” Al systems may not
fully capture the depth of students’ understanding in these areas, as they rely heavily
on pre-programmed algorithms and patterns in the data. Margaret believes that this
is a key limitation of Al, as it may overlook the creative and critical thinking aspects
of student work that go beyond standard solutions.

Moreover, Margaret is aware of the risks associated with over-relying on Al in
assessment. While Al can certainly enhance the efficiency of grading and feedback,
she cautions against using it as the sole tool for evaluation. She says, “While Al
helps with grading efficiency, it shouldn’t replace human judgment, especially in
evaluating creativity and critical thinking.

There are areas in chemistry that require nuanced understanding, and that’s
where human intuition still plays a crucial role.” Margaret believes that human
judgment remains essential for assessing the more complex aspects of chemistry,
such as experimental design, the application of theoretical knowledge to new
situations, and the ability to think critically and creatively. In her view, Al should
complement traditional assessment methods, not replace them.

To balance these strengths and weaknesses, Margaret employs a hybrid approach
to assessment. She uses Al for tasks that benefit from automation, such as
grading objective questions and providing quick feedback on technical aspects
of assignments like lab reports. However, for more complex tasks that require
critical thinking, creativity, and problem-solving, Margaret still relies on traditional
methods of assessment. For example, in assessing experimental design, Margaret
uses peer reviews and oral presentations, which allow her to evaluate students’
ability to explain their thought processes and defend their methodologies. These
traditional methods provide a more holistic understanding of a student’s knowledge
and creativity, ensuring that Al does not overshadow the human judgment that is
essential for evaluating complex, higher-order thinking.

Furthermore, Margaret recognizes the potential for Al to reduce workload and
make her teaching more efficient. Automating administrative tasks, such as grading
quizzes and analyzing performance data, enables Margaret to devote more time
to interacting with students, providing individualized feedback, and refining her
teaching methods. This approach enables her to create a more personalized learning
experience for each student, while also ensuring that her assessments are rigorous,
fair, and reflective of students’ true abilities.

As a result, Margaret sees Al as a transformative tool that can significantly
enhance the assessment process in chemistry education. By automating repetitive
tasks, providing personalized feedback, and offering data-driven insights into
student performance, Al can help instructors create more dynamic, engaging, and
effective learning experiences. However, Margaret also believes that Al should be
used judiciously and in conjunction with traditional methods of assessment to ensure
that it complements rather than replaces the critical thinking, creativity, and human
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judgment that are central to the learning process. Through this balanced approach,
Margaret is able to harness the power of Al while preserving the elements of
teaching that foster deeper learning and intellectual growth.

4.3 Percy’s Case: Al in Personalized Mathematics Problem
Sets

Percy, an assistant professor in Mathematics Education at a state university with
6 years of teaching experience, emphasizes the critical role Al plays in grading and
providing personalized feedback. He uses Al tools such as Turnitin Al to evaluate
and grade student responses, ensuring accuracy and fairness. Percy values Al’s
ability to assist with grading, particularly in large classes, as it enhances consistency
and efficiency. Additionally, he leverages tools like ChatGPT and Grammarly to
provide personalized feedback, enriching the learning experience for his students.

Percy emphasizes the importance of prompt quality when it comes to generative
Al He notes, “Generative Al is as good as how prompts are constructed.” Drawing
from a discussion by Prof. Marek Kowalkiewicz, Percy highlights the need for
caution when using Al, describing it as “an eccentric colleague who knows a lot
but can spout weird stuff from time to time.” He sees Al as a tool that can generate
scenarios for problem-solving or forecasting from an educator’s perspective, while
on the student side, Al can help integrate ideas or explore variations of thought.

In the past, Percy used Turnitin to check for potentially Al-generated content in
essays and research papers, aiming to ensure that students engaged in analytic and
synthesis work. This practice reflects his concern that Al-generated content, while
potentially useful, may lack the depth and critical thinking required in academic
tasks.

Percy is cautious about the limitations of Al in assessment. He believes that AI’s
effectiveness is tied to the quality of its training data and the prompts it receives.
“Grading accuracy? I haven’t been teaching in my field in the last year. So my idea
is theoretical at this point,” he says. He foresees challenges if Al training shifts from
human-generated to Al-generated data, which could result in unrealistic or flawed
content. Percy is optimistic, however, about AI’s potential impact on assessment
practices, noting that its role will depend on Al literacy among both educators and
students. “Al can have a positive role if both educators and students alike have
sufficient Al literacy,” he states.

Percy also believes that AI will not replace all forms of assessment in math
education, especially in performance-based assessments. “Math education is a
professional field that has performance-based assessments,” he explains. He envi-
sions Al complementing, rather than replacing, traditional assessment practices,
particularly by helping to generate complex problems. However, he is aware that
students could use Al to solve those same problems, potentially undermining the
integrity of assessments.
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Looking forward, Percy is cautious but open-minded about the advanced appli-
cations of AI in mathematics education. On an optimistic note, he imagines
Al being used to anticipate students’ thinking processes when analyzing their
solutions to mathematical problems. However, he acknowledges that this would
require sophisticated applications of machine learning and programming. On a more
moderate perspective, Al could be useful for generating complex problems, but this
too presents a challenge as students could use Al to solve these problems, potentially
circumventing traditional problem-solving methods.

Regarding grading, Percy emphasizes the importance of a tailored approach to
Al’s use in assessment. He acknowledges that Al’s ability to consistently assess
solutions is dependent on the diversity and accuracy of the dataset it is trained on.
As such, Al tools may struggle to consistently grade solutions from diverse student
populations with varying skill levels. “The quality and ability of Al to consistently
assess solutions is relative to the accuracy and diversity of its dataset trained in,” he
says. This suggests that while Al can be a valuable tool, its effectiveness depends
on the context in which it is used.

Percy also discusses the ethical considerations of Al in assessment, such as
the need for transparency and ensuring equity in assessments for students of
varying skill levels. He recalls an example of a physics teacher who used an Al-
generated syllabus and asked students to critique it, which he sees as a good
practice for ensuring transparency in Al usage. He adds that as the user of Al-driven
assessments, it is his responsibility to ensure equity and use Al tools with nuanced
parameters that account for students’ diverse skill levels.

In terms of accountability, Percy firmly believes that the responsibility for Al-
driven assessments lies with the educator. He sees Al as a tool, similar to how
data visualization tools are used by teachers. “The culpability rests primarily on
the user and designer of Al-driven assessments, i.e., the teachers,” Percy explains.
He is a proponent of a balanced approach, where Al complements traditional
assessment methods rather than replacing them. Ultimately, Percy believes that
Al’s effectiveness depends on the literacy of both educators and students, just as
information and communication technology (ICT) tools had varying levels of impact
depending on how they were used.

In sum, Percy’s approach to Al in mathematics education is thoughtful and
cautious, emphasizing the importance of understanding AI’s limitations while
exploring its potential to complement and enhance assessment practices.

4.4 Ben’s Case: Al-Assisted Analysis of Geophysical Data
in Earth Science

Ben, an instructor in Science Education at a public technological university for
2 years with 6 years of prior experience teaching in basic education, integrates Al as
an essential part of his assessment practices in Earth Science Education. He utilizes



244 D.P. Acutetal.

Al tools for diverse tasks, including creating personalized assessment questions,
providing detailed feedback to students, and designing innovative or gamified
assessments that engage learners. Ben highlights the transformative potential of
generative Al in STEM education, particularly in automating problem generation
and delivering tailored feedback to promote deeper learning and critical thinking.
He describes generative Al as “artificial intelligence systems capable of creating
new content, such as text, code, or simulations, based on given inputs,” underscoring
its role in reshaping academic assessments in STEM disciplines through enhanced
efficiency and innovation.

Ben values AI’s capacity for creating diverse and adaptive assessments tailored to
individual student needs. He notes, “Generative Al offers the advantage of creating
diverse, adaptive assessment tasks tailored to students’ individual needs, enabling
a more personalized learning experience.” He also highlights the importance of Al
in providing instant, detailed feedback, which helps students in his field develop
critical thinking and problem-solving skills more effectively.

In terms of grading, Ben appreciates how Al enhances grading accuracy by
ensuring consistency and fairness. He adds, “Generative Al can enhance grading
accuracy by ensuring consistent and unbiased evaluation of students’ work while
also personalizing feedback to address individual learning gaps.” AI’s role in
administrative tasks is also notable, as it automates repetitive processes, freeing up
more time for teaching and mentoring. This aligns with his broader view of Al as
a tool for enhancing the efficiency and scalability of assessment practices, while
allowing educators to focus on instructional roles.

However, Ben acknowledges the limitations of Al, particularly its potential to
misinterpret nuanced answers in open-ended tasks. He points out that AI may
struggle to evaluate complex, context-specific reasoning or creative problem-solving
that requires human judgment. “The limitations of generative Al in academic
assessments include its potential to misinterpret nuanced answers, especially in
open-ended tasks, and its reliance on training data, which may introduce biases or
inaccuracies,” he notes. He also highlights the risk of Al generating false-positive
assessments when over-reliance occurs, cautioning that excessive dependence on Al
tools might compromise the accuracy and fairness of evaluations. Furthermore, Ben
is wary of AI’s tendency to oversimplify complex problems or datasets, potentially
leading to inaccurate conclusions, particularly in fields like Earth Science, which
often involve highly intricate and multifaceted data.

Despite these limitations, Ben sees a promising future for Al in STEM assess-
ments. “Generative Al will play a pivotal role in shaping future STEM assessment
practices by enabling adaptive, real-time evaluations that cater to diverse student
needs and learning styles.” He foresees Al enabling more dynamic, inquiry-based
assessments that encourage critical thinking and innovation, while streamlining the
assessment process for educators.

Ben advocates for a blended approach to assessment, where Al complements tra-
ditional methods rather than replacing them. He believes Al-generated assessments
are particularly useful for tasks like data analysis, trend identification, and providing
real-time feedback, but human judgment remains essential for evaluating more
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complex and creative aspects of student performance. “Al-generated assessments
should complement traditional forms of assessment rather than replace them, as they
excel in efficiency and personalization but may lack the depth needed to evaluate
complex, human-centered skills like creativity and ethical reasoning.”

In Earth Science specifically, Al has the potential to assist with the analysis
of complex datasets, such as seismic wave patterns and climate models. Ben
suggests, “Al could assist in Earth Science assessments by automating the analysis
of complex datasets... to provide accurate and timely feedback.” Furthermore,
Al can simulate real-world scenarios, enabling students to practice and refine their
analytical skills in a dynamic, data-driven environment. However, Ben is aware of
the ethical challenges Al presents in interpreting sensitive data. He warns that Al
may misinterpret environmental data or oversimplify results, leading to inaccurate
conclusions. “The ethical challenges of using Al to interpret complex environmental
or geophysical data include the risk of misinterpreting context due to limited
domain-specific training and potential biases in the algorithms.”

To mitigate these risks, Ben intends to guide his students in using Al respon-
sibly. “I would guide students by emphasizing the importance of critical thinking
and cross-verification when using Al tools, encouraging them to compare Al-
generated interpretations with established scientific principles and empirical data,”
he explains. This approach ensures that students use Al as a tool to support their
learning rather than rely on it as a definitive source of truth.

Ultimately, Ben believes that a balanced approach, combining Al-driven assess-
ments with human judgment, will be essential for fostering a deeper, more nuanced
understanding of Earth Science and other STEM disciplines. “A balanced approach
would involve using Al-driven assessments for tasks like data analysis, trend iden-
tification, and real-time feedback, while relying on human judgment for evaluating
complex reasoning, creativity, and ethical implications.”

4.5 Rico’s Case: AI-Based Simulations for Physics Conceptual
Understanding

In Rico’s teaching experience as an associate professor in physics education at
a state university with 20 years of teaching experience, Al-based tools have
significantly enhanced his assessment practices, particularly by enabling him to
analyze student performance data more effectively. He explains, “Al will prompt
me to the latest pool of interest in my field; it will allow me to give the most recent
concerns or constructs widely discussed. It will also allow me deeper analysis into
divergent answers that will provide rich contexts locally.” Using Al to generate
questions and process responses allows Rico to keep his students updated with
global trends while gaining valuable insights into the depth of their understanding.
His extensive teaching background allows him to integrate Al tools strategically,
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fostering a balance between modern technological applications and traditional
educational approaches.

Rico emphasizes the value of Al in analyzing open-ended questions, stating
that it allows him to “categorize the responses into emerging or clustered themes
thus giving me a very rich visualization on the thought processes of my learners.”
Traditional assessments, such as multiple-choice questions, fail to provide the
same level of insight into students’ mental reasoning. Using Al to process open-
ended responses enables Rico to gain a clearer understanding of his students’
cognitive processes, particularly when combined with computational tasks. “Letting
my learners map every part of their computation with explanation will give me the
specific details of their computational skills,” he notes, highlighting the AI’s ability
to organize and synthesize complex responses.

However, Rico also acknowledges the limitations of Al, particularly when it
comes to specific, factual questions. He explains, “Al is best when the question is
divergent, requiring the richness of argument that reflects the extent of understand-
ing of the learners. It works well for teachers to ask general questions accepted at
the global scope, but it will break down when the instruction provided to learners is
not of global standard.” Al can also handle computation, but for questions requiring
precise or factual answers, Rico recommends caution, as the Al may not always
align with the specific expectations of the instructor.

Despite these limitations, Rico believes that Al can elevate the assessment of
higher-order thinking skills. “Generative Al can elevate the assessment of the STEM
education by being able to gather functional information of the learners. This
means that the upper taxonomy of Bloom’s taxonomy can be greatly measured in
such a short period of time.” He further notes that traditionally, assessing higher-
order thinking skills would require ample time, but Al can streamline this process,
making it easier to evaluate students’ ability to synthesize, analyze, and evaluate
information.

In Rico’s view, Al-generated assessments complement traditional assessments.
He suggests, “Al-generated assessment complements so well with traditional forms
of assessment, be it in generating the questions or in processing the answers.”
While Al offers immediate visualization and efficiency, it is crucial for the teacher
to maintain control over the final evaluation. “The task of having compact and
immediate visualization is greatly reduced by Al, but the final input on the numerical
equivalent to be given to learners must be your responsibility.”

Rico acknowledges that Al is pervasive in today’s learning environment, but he
stresses the importance of balance and teacher judgment. “As to the balance, it will
be entirely in the hands of the teacher in striking that balance. Unless, of course,
there is an institutional stand on how Al is allowed in the institutional practice. But
in the absence of higher-level guidance in the use of Al, the teacher must decide,
provided there is corresponding reflection and documentation so that the teacher
can very well elucidate the use of Al in one’s classroom.” Finally, Rico believes
that Al is a powerful tool for enhancing assessment, but it requires careful oversight
to ensure its effective and appropriate use in the classroom.
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4.6 Roy’s Case: Al for Assessment of Engineering Design
Projects

Engr. Roy, an associate professor in computer engineering with 12 years of teaching
experience, has integrated Al tools like ChatGPT and Grammarly into his academic
practices to enhance the personalization and efficiency of assessments. In his view,
Al’s primary strength lies in its ability to offer personalized feedback, automate
grading processes, and generate dynamic, individualized problem sets, including
coding tasks and algorithmic challenges, tailored to each student’s proficiency level.
He emphasizes, “T use Al tools, such as ChatGPT, Grammarly, and specialized
coding assistants like GitHub Copilot and Replit, to provide personalized feedback
to students. These tools help improve the quality of their written work and coding
assignments by offering real-time suggestions, identifying potential errors, and
enhancing their coding skills through tailored recommendations.”

One of the key advantages Engr. Roy sees in generative Al is its potential to
simulate real-world systems and generate complex engineering problems, fostering
a deeper understanding of theory and practice. He explains, “Generative Al in
computer engineering can generate coding challenges and system simulations,
tailored to the student’s ability, providing them with opportunities to solve real-
world engineering problems through new solutions and simulations.” Al can also
evaluate the quality of students’ code, providing real-time feedback on issues such
as efficiency, correctness, and overall code structure. According to Engr. Roy, this
instant feedback helps students refine their problem-solving skills in a timely and
effective manner.

Al’s role in automating routine administrative tasks has also proven invaluable
in Engr. Roy’s teaching. By automating grading and generating problem sets, Al
reduces the burden of administrative tasks, allowing instructors to dedicate more
time to engaging with students on complex topics. “Al helps to reduce workload by
automating grading and administrative tasks,” he notes, “allowing me to focus on
providing deeper insights and mentorship to students.”

However, Engr. Roy is mindful of the limitations of Al in academic assessments.
One of the significant concerns he highlights is AI’s inability to understand the
context or nuances of complex problem-solving approaches. He cautions, “Al may
struggle to fully comprehend complex solutions or unconventional approaches,
which can lead to potential oversights in evaluating creative or non-traditional
answers.” Furthermore, Al systems may fail to assess essential soft skills such
as teamwork, communication, and collaboration, which are vital in engineering
projects. “Al cannot evaluate soft skills that are critical in group projects and real-
world engineering tasks,” he notes.

Another limitation Engr. Roy points out is the potential for bias in Al algorithms,
which can result in unfair assessments. “Al systems are only as good as the data they
are trained on,” he remarks. “If the training data is biased or unrepresentative, Al
may inadvertently favor certain solutions or students, which could affect the fairness
of assessments.” He also expresses concern about the over-reliance on Al tools,
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fearing that they might reduce opportunities for personalized mentorship. “Al can
provide useful feedback, but it cannot replace the deeper, context-driven mentorship
and guidance that human instructors can offer,” he says.

Despite these limitations, Engr. Roy remains optimistic about the future of
Al in academic assessments, particularly in computer engineering. He foresees
a hybrid assessment model, where Al handles the more technical and objective
tasks, such as grading coding assignments or evaluating system designs, while
human instructors focus on assessing creativity, problem-solving approaches, and
the practical application of engineering principles. He explains, “Generative Al
will play a pivotal role in shaping future assessments by generating diverse coding
challenges and offering detailed feedback on technical skills. But human judgment
will still be necessary for evaluating creativity and real-world applicability.”

Ethical concerns also arise when using Al in assessing engineering design
projects. Engr. Roy acknowledges that AI might overlook creative problem-solving
in favor of technical correctness, potentially undervaluing students’ innovative
approaches. “One concern is that AI may not appreciate creativity in engineering
design,” he admits. “It might focus on technical accuracy but overlook unique
or unconventional solutions that deviate from traditional models.” Moreover, Al’s
reliance on historical data can lead to biases that disadvantage students proposing
novel ideas. “Al may not recognize innovative approaches that don’t fit within its
trained data,” he explains. “This can lead to undervaluing creative solutions that
break from established norms.”

To address these concerns, Engr. Roy advocates for a balanced, hybrid approach
to assessment. “I would supplement Al-generated assessments with human judg-
ment to ensure that creativity and innovation are appropriately recognized,” he
quips. “For example, I could include open-ended questions or design challenges
where students can share the thought process and reasoning behind their solutions.”
This approach would allow instructors to assess not only the final product but also
the creativity, problem-solving, and thought processes that led to the solution.

Engr. Roy also emphasizes the importance of continuously updating Al systems
to mitigate bias and ensure fairness. “Al systems should be trained on diverse, real-
world data to ensure that they can recognize innovative and unconventional ideas,”
he asserts. This ensures that Al can handle the technical aspects of assessment, such
as verifying design accuracy, while still allowing for human evaluation of creativity
and real-world applicability.

Overall, Engr. Roy believes that Al has the potential to revolutionize assessment
practices in computer engineering by enhancing efficiency, accuracy, and personal-
ization. However, he stresses the importance of maintaining a hybrid approach that
combines Al’s technical strengths with human judgment to ensure a comprehensive
evaluation of both the technical and creative competencies necessary in engineering
education. “The future of assessment in computer engineering will be driven by a
combination of Al and human insights,” he concludes. “Al will handle the technical
tasks, while educators will focus on nurturing creativity, critical thinking, and
problem-solving skills in students.”
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4.7 Mark’s Case: Al in Project-Based Assessment
in Technical-Vocational Teacher Education

Mark, an associate professor with 24 years of experience in drafting technology,
acknowledges the growing impact of Al in education, particularly in assessment
practices. Having taught for over two decades, Mark has witnessed significant
technological advancements and embraces Al tools like ChatGPT, Bing Al, and
Bard for creating assessment questions and providing personalized feedback. He
believes that AI’s use in assessment is a game-changer in classroom assessment,
especially that its use significantly reduces preparation time and increases grading
accuracy. Mark explains, “Generative Al for assessment is a good tool to generate
accurate data based on set parameters,” as it helps minimize personalized evaluation,
giving fair and reasonable ratings. He notes that Al-driven assessment tools can
reduce the workload for professors, especially when dealing with large classes,
making grading more efficient and objective.

In terms of assessment types, Mark uses Al for various formats, including
quizzes, exams, projects, presentations, and performance-based assessments like
experiments and demonstrations. He emphasizes the utility of Al in automating
administrative tasks and grading, improving both efficiency and accuracy. Accord-
ing to Mark, AI’s assistance can help educators keep up with technological trends in
education while also enhancing student engagement and motivation. “Al can make
the educational process as efficient and effective as an assessment tool to lessen
and fast-track evaluation and data analytics,” he adds. With Al, the amount of time
spent on grading and administrative tasks can be significantly reduced, allowing
instructors to focus more on engaging with students.

While Mark is a strong advocate for the benefits of Al, he also recognizes its
limitations. Al has not yet reached the point where it can fully replace human
instructors for tasks requiring creativity or non-electronic outputs. As he explains,
“It limits the creativity and personalized assessment to specific areas, such as non-
electronic outputs.” For instance, while Al can assess quizzes or projects submitted
digitally, it may struggle with evaluating hands-on, creative tasks that require human
judgment and interpretation. For now, Mark asserts that human intervention remains
crucial for these types of personalized assessments. “For me, Al is a good tool in
assessing parametric data defined specifically to interpret. But as for personalized
tasks, still we need human intervention for the moment,” he states.

Mark is also mindful of the evolving capabilities of Al. He sees the potential
for Al to assess hands-on activities, which have traditionally been difficult to
evaluate objectively. He notes, “As technology progresses, the picture of the hands-
on activities can be detected and interpreted easily by AL AI’s ability to assess
video demonstrations or operational procedures could transform how practical
skills are evaluated in education. However, Mark remains cautious about the rapid
development of Al. He acknowledges that while Al is improving exponentially,
there are still flaws in its algorithms that need to be addressed. “As of today, Al
algorithms are still learning, flaws may be observed, but along the way, Al can
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correct itself for better assessment,” he explains. While he recognizes that Al has
tremendous potential to assist in grading and administrative tasks, he is unsure
whether Al can ever fully replace human evaluators for more nuanced educational
processes.

To wrap up, Mark emphasizes that Al tools can significantly enhance the
educational experience by making assessment more efficient, accurate, and data-
driven. However, he stresses that Al should not replace human educators entirely.
Instead, he suggests that Al should serve as an assistant, enhancing the academic
experience rather than replacing the personal touch that human instructors provide.
He advocates for “a robust and intense immersion” into AI’s capabilities to help
educators understand its power and potential. While Al is still in its early stages
and cannot replace human involvement in personalized tasks, it has already proven
to be an invaluable tool for improving efficiency in educational settings. Mark’s
experience highlights the promising future of Al in education, especially when used
to complement, rather than replace, human expertise.

5 Practical Strategies for Integrating AI in STEM Education
Assessments

The integration of Al into STEM education assessments offers significant potential
for enhancing both teaching and learning experiences [3]. However, to fully harness
the benefits of Al in assessment, it is essential to employ a range of practical
strategies that involve faculty training, foster Al-human collaboration, encourage
ethical Al use, and raise student awareness.

5.1 Faculty Training and Development

Successful integration of Al tools into STEM education assessments begins with
comprehensive faculty training and professional development. Educators need
the know-how to effectively utilize Al technologies, enabling them to enhance
assessment practices while maintaining the quality of learning experiences [58].
Faculty training programs should cover the following areas:

Understanding AI Tools and Their Applications
Faculty members need to familiarize themselves with various Al tools available

for assessment purposes, such as automated grading software, plagiarism checkers,
adaptive learning platforms, and Al-driven feedback systems [59]. Training should
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focus on how these tools can support formative and summative assessments, create
personalized learning pathways, and offer real-time feedback.

Al Integration Strategies

Instructors should be guided on how to strategically integrate Al into their existing
assessment methods. This includes using Al to automate routine tasks, such as
grading quizzes or analyzing large data sets, while maintaining a balance with
traditional, subjective evaluations for more complex tasks, like problem-solving or
project-based assessments [6].

Continuing Pedagogical Support and Collaboration

Regular workshops, webinars, and collaboration among faculty members can ensure
that educators remain up-to-date with the latest advancements in Al technologies.
Furthermore, fostering a community of practice where instructors can share their
experiences, successes, and challenges with Al in assessment can strengthen the
overall integration process [60].

5.2 AI-Human Collaboration in Assessment

While Al can assist in various aspects of assessment, it is crucial to view it as a tool
that complements, rather than replaces, human involvement [8]. The collaboration
between Al and human judgment is particularly vital in STEM education, where the
cultivation of critical thinking, creativity, and the application of knowledge are of
prime importance. To promote Al-human collaboration in assessment, consider the
following strategies:

Al for Routine Tasks, Human for the Evaluation of Higher-Order Thinking
Al can handle repetitive and administrative tasks, such as grading objective
questions or analyzing large amounts of data, allowing instructors to focus on
more nuanced and complex aspects of assessment, like evaluating creative problem-
solving and assessing students’ ability to apply knowledge in novel contexts [58].

Hybrid Assessments

Combining Al-driven assessments with traditional evaluation methods can ensure
a more comprehensive approach. For example, Al can be used for quizzes and
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instant feedback, while more complex assignments like lab reports, projects, and
presentations can still be evaluated by instructors based on criteria that require
human expertise, such as creativity, reasoning, and understanding [6].

Human Oversight and Ethical Considerations

Faculty must maintain oversight in all aspects of assessment, particularly when Al
algorithms may overlook context or fail to recognize subtle differences in student
responses. Faculty should use Al-generated results as a guide but rely on their
professional judgment to make final assessments, ensuring fairness and consistency
[61].

5.3 Encouraging Ethical AI Use

As Al becomes more integrated into STEM education assessments, it is essential
to encourage ethical use of these technologies, both from faculty and students. The
potential for bias, inequity, and privacy concerns in Al systems necessitate a clear
ethical framework for its implementation [3]. To promote ethical Al use in STEM
assessments, institutions can adopt the following strategies:

Transparency in Al Tools

Educators should be transparent about the Al tools they use in assessments. This
includes informing students about how Al is being used, what data is being
collected, and how the results will be applied. Transparency builds trust and helps
students understand the role of Al in their learning journey [21].

Bias Detection and Mitigation

Faculty must ensure that the Al systems they use are designed to minimize bias.
Al tools should undergo regular audits and evaluations to detect and address any
algorithmic biases that may disproportionately impact specific student groups [29].

Data Privacy and Security

It is crucial to safeguard student data when using Al tools. Faculty should work
closely with institutions’ system adminitrator to ensure that Al systems comply
with privacy regulations (e.g., FERPA) and that students’ personal information is
protected [62].
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Clear Ethical Guidelines

Institutions should establish clear ethical guidelines for the use of Al in assessment.
This includes setting boundaries for AI’s role, such as ensuring it supports learning
rather than replacing human judgment, and establishing a framework for addressing
any ethical dilemmas that arise, such as Al-generated errors or inappropriate
feedback [63].

5.4 Fostering Student Awareness

Students are central to the success of Al integration in STEM assessments, and
fostering their awareness of AI’s role in their learning is key to ensuring its
effectiveness. Educating students about AI’s capabilities, limitations, and ethical
implications can enhance their engagement with Al tools and encourage responsible
usage [7]. To foster student awareness of Al in assessment, the following strategies
can be employed:

Al Literacy Programs

Institutions should offer workshops or courses that help students understand how Al
works, its applications in STEM fields, and how it is used in assessment. Teaching
students the basics of Al can demystify the technology and empower them to use it
responsibly. Topics could include how Al algorithms are designed, how biases can
emerge, and how to interpret Al-generated feedback [3].

Promoting Responsible AI Usage

Students should be educated on how to use Al tools ethically in their studies. This
includes understanding the importance of academic integrity, recognizing when Al-
generated content is appropriate, and learning how to avoid over-reliance on Al for
assessments. Promoting responsible use can help ensure that students use Al as a
complement to their own knowledge and skills, rather than as a shortcut [14].

Encouraging Critical Thinking

While AI can provide immediate feedback, it is important to encourage students to
critically evaluate Al-generated responses. Instructors can promote critical thinking
by asking students to reflect on the feedback they receive from Al tools and consider
how it aligns with their own understanding of the subject. This process helps
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students develop deeper insights and learn to apply their knowledge more effectively

[7].

Open Dialogue About AI’s Role in Education

Providing a platform for students to discuss their experiences and concerns with
Al can foster a deeper understanding of its role in STEM assessments. This open
dialogue can also help educators refine their approaches and address any issues that
may arise, ensuring that the integration of Al enhances, rather than detracts from,
the educational experience [27].

Integrating Al into STEM education assessments offers exciting possibilities for
enhancing learning experiences, providing personalized feedback, and streamlining
assessment processes. However, its successful integration requires strategic plan-
ning and collaboration among faculty, students, and institutional leaders. Table 11.1
outlines key Al integration strategies in STEM assessments that highlight essential
approaches for achieving this balance. Emphasizing faculty training, promoting Al-
human collaboration, encouraging ethical Al use, and fostering student awareness
allow institutions to establish a balanced and effective approach to Al in STEM
assessments. These strategies will ensure that Al remains a supportive tool that
enriches the educational process, rather than overshadowing the critical thinking,
creativity, and human judgment that are essential to STEM learning.

6 Implications for Policy and Practice

The integration of generative Al tools in STEM education assessments presents
significant implications for policy and practice, particularly in higher education.
Policymakers must prioritize the standardization of Al tools to ensure their trans-
parency, accessibility, and ethical application within educational settings [45].
Establishing clear guidelines on data privacy, algorithmic fairness, and bias mit-
igation is crucial to prevent inequities and ensure trust in Al-driven systems
[47]. Moreover, professional development programs for educators are essential to
equip them with the technical skills and ethical awareness needed to effectively
incorporate Al tools in assessment processes [60]. Such policies will ensure that
Al complements the nuanced judgment of human educators rather than replacing it,
reinforcing the value of human expertise in the assessment process.

Importantly, technologies such as generative Al should be adopted only if
their use demonstrably enhances assessment practices. This includes improving the
authenticity, appropriateness, validity, reliability, flexibility, timeliness of feedback,
interactivity, administrability, and discriminatory power of assessments. Educators
must leverage Al not merely for efficiency but to design assessment tasks that
encourage original thought and minimize opportunities for academic dishonesty.



255

Ethical Dilemmas and Practical Strategies for Leveraging Generative Al. ..

11

(panunuoo)

‘uoneuawR[dwt TA/TY

ur Aoeanrd eyep Surnsuyg "[¢9] [1og 2 Suex
90U I[[oIul [BIOYT)IR

Jo 98k oy ur JUAWSSASSY ‘[67] Te 12 D[OAIMS

‘Jurures] pue Juryoed) AJISIOATUN JOJ JIOMIWET]
uoneonpa Aorjod [y 2arsuayardwos y °[¢G] uey)d
‘ssoutrey jo uondoorad  syuopmis

939109 199)® SIOIBN[BAD JUSISJJIP MOH (IoIre)
[09] dw saxew [y Aq Surpern [19] '[e 10 rey)
"uoneoNpPa ISYSIY Ul JUSUISSISSE

SULIOJSURT) 9OUSI[[AIUT [RIOYIIIE QATJBIUT
M0y uo maradl Jurdods y °[9] e 19 BrY
‘sdoysyrom Sururen Ajmnoej

woij sjy3isur [eonoerd :uoneonpe I9ysIy ur
SJUQWISSISSE JUBISISAI-TY “[8G] JIB[UY] 29 JYNOY[Y
Juawdo[aAap Teuorssajord 19yoed) ur

sased Jo sadA} Juaroyip y3noay) uoneIgajul pue
Koe1o)[ [V Joyoed) Suroueyuy [09] Te 10 ‘Suiq
'uoneoNPa ISYSIY Ul JUSUISSISSE

SULIOJSURT) 9OUSI[[AIUT [RIOYIIIE QATJBIOUT
MO0y U0 M1 Surdooss v *[9] 'Te 19 ‘BrY
‘suoneor dur

Jo aseod e :s1aded Juopnys opers 0) douaFIf[eIut
[eIOYNIE JO asn sIoquidaw A)noey [6G] Teuwny]
s3urpeal pa)sa33ng

'S[00} Ty JuIsn

udaym uonewojur feuosiad  sjuopnis prengojes
pue (Va4 < 39) suonen3ar Aoeard o a1oypy
‘sjuow3pn( Irejun 9zrwruIw 0} paugIsap are Lay)
QINSUD puUe SaseIq I0J $|00) [y Jipne A[re[n3oy
‘SWISTUBYOIW

JovQP?J PUE ‘UOII[[0J BIBp ‘pasn Suldq

S[00) TV 9y} Jnoqe syuapnis yiim juaredsuen og
'SIOLIQ PUE SOSEIQ PIOAE 0] SJUSWISSISSE
pojeIaua3d-1y o3 Juowdpn( euorssojord

K1dde pue Jy31s10A0 UTRIUTEW A)J[NOBJ AINSUH
‘suonejuasaid 1o sjoafoid 10§ suewny

pue sazzinb 10j [y JuIsn se yons ‘spoyiow
[euOnIpEN) YIM SJUSWSSISSE UIALIP-TY dUIqUIO)
*(uraos-wo[qoid 2AneaId)

sjuauIssasse aA1nd[qns ‘xo[dwos J10j suewny
pue (sozzimb Jurpei3) syse) aannadal 10J [V 95N
'S[00) TV 1M SaSUQ[[eyd pue

soouaradxa areys 0) AJnoej Juowe UOHILIOGR[[0D
10)50J pue ‘sreurqam ‘sdoysyiom IO
'sanbruyo9) uonenyeAd [euonIpen

M [V Suroue[eq pue Spoylow JUSWSSISSE
3unsxs ojur [y Sunei3aiul uo aouepIng apraoid

‘sosodind juowussasse 10J (*039 ‘SWAISAS NOrqPadJ
‘urpea3 pajewo)ne) sjoo) [y Uo A[noej ajeonpyg

uondrosaq

Aunoas pue Koeard eleq
uone3nu

puE uorOop serg

S[00] [V ut Kouaredsuel],
SUOTJRIIPISUOD [BIIY)D
pue JySISI9A0 uewny

SJUQWISSISSe PLIGAH

uonen[eA? IopIo-1aysIy Joj
uewny ‘syse) aunnol 10j [y

UOIIBIOqR[[0D
pue 11oddns 3uro3uQ
SA139)eI)S UONRISAIUT [V
suonjeordde pue

S[00] [y Surpuejsiopup)
suonoe Aoy]

ISN [V 80110
Surgemoouyg

JUQUISSISSE
Ur UOTIRIOQR[[0d
uewny-1y

juowdo[oaap pue
Sururen Anoeg

A3oreng

SJUQWISSIsSE LS Ul sa1Sojens uonesSojur [y [T dqeL



D.P. Acutet al.

256

"SMIIA
puE S90UdLIAdXd SIOYOLI) SUOSSI] JOUILIS OJUI
Qoua3i[oiul feroynre SuneiSAuy "[£7] Te 10 Jred
"uonEONPa UIPOW Ul

Sunyury) reonuod pue ‘Surredurduo jdwoid ‘Aoerony
IV JO 90UBAQ[I 9Y) :WOOISSE[O ) UT 90U I[[AIU]
[eIOYNIY JO dInng oy Juroeiquug [/ ] 1Iea
"MOTADI OIJRLUAISAS © SonI[Iqe

AATUS09 ,SJUIPNIS UO SWIAISAS anJofeIp [y

UO JOUBI[AI-ISAO JO S109JJd YL, ‘[¢[] Te w9 1eyZ *D
"120C 03 [10¢ WO1J MITAdl

o1eWwSAS B :uoneonpa LS Ul sa130[ouyod)
IV jo uoneordde oy, [¢] SueAnQ 2 nx
‘sjuowraInbar 0y sauropIng

[eo1y310 WO :SWaIsAS Ty Jo Aypiqeurefdxa

pue Kouaredsuel], ‘[¢9] Te 10 welueweIqnseeq
s3urpear pojse3dng

"SJUSWISSASSE UT UOTIRITAIUT
IV @Aoidwil pue SUIddU0d SSAIPPE 0} AJ[noej
PUE SIUSPNIS UIIMIAq SUOISSNOSIP Uado 191S0,]

-Surpue)siopun

UMO JIOU) Y3IM 1T 9JeISIUT puE JOBqPIS)

IV 91enead A[[eONLIO 0} SJUIPN)s A3eINOdUH
"IV UO 90URI[II-IOAO

Surproae pue Ajua3ayur orwopeoe Junowoid
IV JO 9sn [e21Y39 9Y) UO SJUSpNIs 2)ednpyg
*SJUQWISSISSE UT 901

SJI pue SYIOM [y MOy puejsiopun wey) Surdjey
‘ururer ASeI] [y UM SJUIPMIS Ip1aoid
*$95$2001d USALIP-TV [[& Ul

Kouoaredsuer pue ssourej SULINSUD ‘S)JUSWISSISSE
ur SN Y JOoJ sauropIng [ed1y)d Jea[d YsIqeIsg

uondioseg

uoneINpa Ul 01
s TV moqe an3orerp uadp

Sunyury
Teonuo Jurdernoouyg

a8esn
IV 91qisuodsar Sunowoid

ssaualeme

sweidord Aoe1a) [y | Juopms JuLIR)SO]

SQUIOPINS [BO1Y)2 TBI[D

suornoe Aoy K391eNS

(ponunuod) [T AqEL



11 Ethical Dilemmas and Practical Strategies for Leveraging Generative Al. . . 257

Echoing the guidance of e-learning scholar Gilly Salmon, the focus should always
be on what the pedagogy requires, rather than on what technology can offer.

From a practical standpoint, the adoption of a hybrid assessment model that
integrates Al and human evaluation is indispensable. Generative Al can efficiently
handle technical tasks, such as grading coding assignments or solving numerical
problems, streamlining administrative workloads for educators [10]. However,
human input remains vital for assessing complex competencies such as creativity,
critical thinking, and real-world applications, which are integral to higher educa-
tion outcomes [4, 64]. Moreover, STEM educators must approach Al-generated
assessments with a critical mindset. Constructing assessments that accurately
measure student understanding is a fundamental responsibility of educators, and
no technology can rectify an invalid assessment. As emphasized by Phil Race,
the fundamental principles of assessment—rvalidity, reliability, transparency, and
authenticity—remain paramount despite technological advancements.

Furthermore, we envision that technologies like generative Al should not only
enhance but transform STEM assessment practices. Drawing from the SAMR
model of technology integration, true transformation involves Modification and
Redefinition of tasks, not just Substitution or simple Augmentation. Thoughtful
Al integration should thus aim to create novel assessment practices that were
previously inconceivable without the technology, opening pathways for deeper
student engagement and innovative demonstrations of learning.

Additionally, Al facilitates personalized learning experiences by providing stu-
dents with tailored feedback and adaptive problem sets that address their individual
strengths and weaknesses, thereby fostering continuous improvement and higher
engagement [6]. Yet, as Brown et al. [65] emphasized, nothing educators do is more
consequential than assessing student work and providing feedback—decisions that
can influence students for a lifetime. Hence, responsible use of Al in assessment is
critical to uphold educational integrity.

Equity remains a pressing concern in the integration of Al tools, as disparities
in infrastructure and socio-economic status may limit access for some students.
Educational institutions must address the digital divide by investing in infrastruc-
ture, providing access to necessary tools, and implementing inclusive policies that
ensure all students benefit from Al-enhanced assessments [43]. Bridging these gaps
is critical to creating an equitable learning environment where students from diverse
backgrounds have equal opportunities to succeed.

Ultimately, the integration of Al in STEM assessments holds the potential to
better prepare students for future STEM careers. Exposing students to Al-driven
technologies helps them develop key twenty-first century skills such as adaptability,
problem-solving, and innovation, which are increasingly in demand in the global
workforce [66]. The transformative potential of Al in education requires careful
planning and thoughtful implementation, underpinned by robust policies that ensure
fairness, accessibility, and effectiveness. Through this balanced approach, Al can
serve as a powerful tool to enhance and transform STEM education, equipping
students with the skills needed to thrive in a rapidly evolving technological
landscape.
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7 Conclusion

Al’s transformative potential in STEM education assessments lies in its ability to
personalize feedback, automate tasks, and enhance creativity in assessment design.
Tools such as ChatGPT, Grammarly, and domain-specific coding platforms offer
opportunities to streamline processes and elevate learning experiences. However,
these advancements should complement rather than replace the pedagogical exper-
tise of educators, ensuring that assessments balance technical proficiency with
creativity and critical thinking.

This chapter highlighted both the benefits and ethical dilemmas associated with
Al-driven STEM assessments. Although Al enhances efficiency and adaptability,
significant concerns persist regarding data privacy, algorithmic bias, and equitable
access. A key finding is that effective Al integration depends on institutional policies
and faculty preparedness. Without proper training and ethical safeguards, the risk of
over-reliance on Al-generated assessments could undermine essential educational
outcomes.

One limitation of this chapter is its reliance on qualitative insights rather than
empirical data obtained from experimental or quantitative methods. Future research
could explore comparative studies between Al-driven and traditional assessment
methods, incorporating student performance metrics and faculty perceptions to
validate claims about AI’s impact on learning outcomes.

To maximize AI’s benefits while mitigating risks, policymakers and educational
institutions must develop clear guidelines, ethical frameworks, and professional
development programs. These measures will empower educators to effectively
harness Al tools while ensuring that assessments remain inclusive, transparent, and
aligned with educational goals. With thoughtful implementation, Al can support
an educational landscape that is both technologically advanced and deeply human-
centered, helping students succeed in an evolving digital world.
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