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The possibilities for integrating generative artificial intelligence (Al) and large
language models (LLMs) into higher education may revolutionise approaches to
pedagogical practices and  curriculum design, while LLMs could be
transformative in how students approach their learning. This conversation with
ChatGPT, and associated critical evaluation, provides an insight into the
capabilities and limitations of LLMs and informs on the possibilities for
incorporating Al into bioscience education, teaching modalities, assessment and
feedback practices and curriculum design, with a particular focus on bioscience
education. The conversation highlights how LLMs can facilitate personalized
feedback, tutoring, and concise explanations of scientific terms, enhancing student
comprehension, self-directed learning, and critical thinking. However, there are
concerns regarding the risks of LLMs, such as plagiarism and breaches of
academic integrity, algorithmic bias and limitations in contextual understanding.
Despite these limitations, Al offers opportunities for enriching undergraduate
bioscience curricula by integrating innovative teaching strategies and assessment
modalities aligned with subject benchmark statements. Future research directions
include exploring ethical implications, equitable access and digital literacy
training in higher education settings. Overall, the integration of LLMs in
bioscience education offers significant potential for innovative pedagogical

approaches and transformative learning experiences.

Introduction

In recent years, generative artificial intelligence (AI) technologies and large language models (LLMs) have

catalysed innovative approaches to teaching and learning across diverse disciplines. The release of ChatGPT on

November 30, 2022, was received with equal amounts of trepidation and excitement among the higher education

community (Rudolph et al., 2023). Natural language processing (NLP), a subtype of Al, enables computers to

interpret and mimic human language. ChatGPT and other generative Al tools use advanced NLP technologies,

machine learning and deep learning models to create coherent and contextually appropriate output in response to

text inputs or prompts. These models are trained on vast resources of data. For example, ChatGPT 3.5 was trained

on billions of words and terabytes of data appropriated from the corpus of information existing on the internet

(https://chat.openai.com/). LLMs use deep learning techniques, including generative pre-trained transformer

models (GPT) models and neural networks, to predict word sequences based on contextual relationships and

667



Williams

probability (Bengio et al., 2003).

Al is a multidisciplinary field, with broad definitions that encompass computer science, mathematics,
neuroscience and behavioural science. Al can be defined as an artificial system that is capable of independently
performing creative functions, solve problems and be able to learn without human interference (Xu et al., 2021).
LLMs such as ChatGPT (OpenAl), Gemini (Google) and Claude (Anthropic) fulfil this definition by creating
human-quality text, while related technologies like DALL-E, Midjourney and Stable Diffusion (Stability Al) can
create realistic images based on simple text prompts (Chan & Colloton, 2024). Moreover, the perceived human
quality of interactions with generative Al systems and the interactive nature of LLMs promotes an immersive
exchange of information and ideas (Bettayeb et al., 2024; Eysenbach, 2023). The potential of LLMs for enhancing
the student learning experience and positively transforming teaching and learning experiences is therefore evident
(Bobula, 2024). However, the opportunities that generative Al affords have been balanced with ethical concerns
and reservations regarding its negative impact on academic integrity, student learning and cognitive development
(Kasneci et al., 2023). There is therefore a need to formulate robust policies and frameworks that support Al
integration into higher education and to promote professional development and training that enables teachers to

make informed judgements on the practical and ethical adoption of Al technologies (Francis et al., 2025).

The integration of LLMs into higher education contexts represents a challenge for educators as they navigate the
complexities of designing curricula that align with evolving industry demands (Fuchs, 2023). The utilization of
LLMs emerges as a compelling strategy, as these tools have the capacity to generate vast repositories of
knowledge, enabling educators to tailor instructional materials to meet the diverse needs of learners and to support
the development of innovative pedagogical approaches (Guo et al., 2024; Li & Wong, 2023). Numerous studies
have evaluated the potential of using generative Al to enhance medical education, including personalised learning,
creating clinical case studies and medical scenarios, and providing academic writing support (Preiksaitis & Rose,
2023). ChatGPT has also demonstrated its aptitude on several science and medical exams, including the United
States Medical Licensing Examinations exam (Kung et al., 2023; Rosot et al.,, 2023) and is capable of
understanding complex medical knowledge and diagnoses such as surgical information, medical imaging and
clinical examples (Ali et al., 2023; Huh, 2023; Oh et al., 2023; Wang et al., 2023). However, concerns were raised
regarding bias, hallucinations and academic integrity (Tian et al., 2024). Within the related discipline of bioscience
education, the advent of ChatGPT and LLMs may represent an equally promising technology for enhancing

pedagogical practices, curriculum design, and student learning and engagement (Baidoo-Anu & Ansah, 2023).

Although the utility of generative Al has been explored in relation to bioscience research (Thapa & Adhikari,
2023), including enhancing access to scientific knowledge, complex data analysis and bioinformatics (Varghese
& Chapiro, 2024), little exploration of its potential in bioscience education has been undertaken (Akpan et al.,
2025). Bioscience and biomedical research have experienced an explosion in technological and multidisciplinary
advancements in recent decades, which are set to transform human understanding of biological processes with
real-word impact on medicine and biotechnology. It is therefore imperative that bioscience education keeps pace
with advances in technology and addresses complex interdisciplinary problems effectively (Labov et al., 2010).

For example, LLMs may facilitate knowledge accessibility by simplifying scientific concepts and terminology,
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providing concise explanations, synthesising complex research papers, answering queries and generating

summaries for researchers and students (Rane, 2023).

In the following conversation with ChatGPT, we discuss various aspects of bioscience education, with a particular
emphasis on key biological concepts, and explore relevant themes in the context of the potential of LLMs in
redefining teaching and learning practices. The intention of the conversation was to provide an overview of the
capabilities and limitations of existing LLMs as a potential resource for designing biosciences and biology
curricula, feedback and assessment strategies, teaching and learning resources and supporting student-centred
learning. Furthermore, the commentary aims to support dialogue among educators and bioscience students on
how generative Al can positively transform higher education and to reflect on the limits of these technologies in

the context of the biosciences.

The conversation between myself and ChatGPT (version 4o; https://chat.openai.com/) occurred during July 2024.
The specific themes covered were designed to reflect bioscience and bioscience education, using the QAA subject
benchmark statement in biosciences as a framework for question proposition (Watson et al., 2023), and consisted
of several subject themes including the general role of LLMs in bioscience education, personalized education and
feedback, student learning resources, assessment and feedback practices, academic integrity, ethics and bias, and
curriculum design. The conversation and textual responses that were generated by ChatGPT have been edited or
abridged for brevity, with some repetitive elements removed, and the full transcript is available from the author

on request. Specific examples pertaining to bioscience education have been emphasised.

Potential Roles of Large Language Models

The recent introduction of Al-driven chatbots, like ChatGPT, has revolutionized the way automated systems
interact with humans. Generative Al chatbots, like ChatGPT, simulate human conversation by generating natural
language responses without requiring predefined examples (Ouyang et al., 2022). The performance of ChatGPT
can be further improved by human feedback through simple prompts or through chain-of-thought prompting that
uses successive reasoning steps to generate expected outcomes or more accurate responses (Wei et al., 2022). This
technology has immense potential for applications in various sectors, including higher education, indicating a

significant shift in the adoption of human-computer interaction into teaching practices.

The utility of LLMs extends into critical areas like healthcare and biomedical research, as well as bioscience
education (Varghese & Chapiro, 2024). In healthcare, generative Al can assist in patient management, providing
personalized responses to medical queries, and facilitating communication between patients and healthcare
providers (Ayers et al., 2023; Zhang & Kamel Boulos, 2023). Researchers are beginning to utilize the capabilities
of LLMs for data analysis, article summarisation and generating hypotheses, although concerns remain about the
ethical implications of Al in terms of authorship, academic scholarship and biases (Bagenal, 2024; Blau et al.,
2024). The versatility of generative Al has the further potential to transform bioscience education. Higher
education institutions can leverage LLMs for a variety of educational tasks, while students are increasingly

accepting generative Al as a tool for their studies and approach to learnin rowosegbe et al., . Althou
pting g ive Al | for their studies and approach to learning (A gbe et al., 2024). Although
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LLMs show potential for enhancing student participation and providing learning support, concerns regarding

plagiarism, over-reliance and the degradation of cognitive and critical thinking skills persist (Baidoo-Anu &

Ansah, 2023; Francis et al., 2025). As a starting point in the conversation with ChatGPT, the first questions aimed

to address the general roles that generative Al could play in bioscience education (see Table 1).

Question: What is the role of generative artificial intelligence and large language models in bioscience

higher education?

ChatGPT: Generative artificial intelligence (Al) and large language models (LLMs) like GPT-4 have the

potential to significantly transform bioscience higher education in several ways. Here are some key roles

they can play:

Table 1. Examples of Generative Al Uses in Bioscience Education

Generative Al application

Examples of use

Benefits

Personalized Learning and

Tutoring

Content Creation and

Enhancement

Research Assistance

Language and Communication

Support

Administrative and Logistical

offering explanations, answering
questions, and adapting to individual

learning paces and styles.

creating and enhancing educational
content, including lecture materials,
assignments, and exams. It can
generate high-quality diagrams,

simulations, and interactive modules.

help students and researchers with
literature reviews, summarizing
scientific papers, and suggesting
relevant research directions. They can
also assist in data analysis and

interpretation.

For non-native English speakers,
LLMs can aid in understanding and
producing scientific texts; assist in
translating complex scientific

information.

automate administrative tasks such as

beneficial in complex subjects
such as molecular biology,
genetics, and biochemistry, where
students often need tailored
assistance to grasp difficult

concepts.

can make learning more engaging

and effective.

provide insights that might be

missed by human researchers.

enhancing student’s ability to
participate fully in the academic
community; translating
information into more accessible

language.

free up educators to focus more on
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Generative Al application

Examples of use

Benefits

Support

Virtual Laboratories and

Simulations

Ethical and Societal

Implications

Collaboration and

Interdisciplinary Learning

Continuous Assessment and

Feedback

grading, scheduling, and
communication; help in managing
large datasets and providing feedback

on student progress.

create virtual laboratory environments
where students can perform

experiments and simulations.

teach students about the ethical, legal,
and societal implications of
advancements in biosciences,
including issues related to genetic
engineering, biotechnology, and

personalized medicine.

facilitate collaboration among
students and researchers from
different disciplines by providing a
common platform for knowledge

exchange and problem-solving.

offer continuous assessment and
instant feedback to students; real-time
feedback can enhance learning

outcomes.

teaching and mentoring.

valuable when access to physical
labs is limited, allowing students
to gain hands-on experience in a

virtual setting.

foster a deeper understanding of
the impact of their work on

society.

integrate information from various
fields, helping to create a more
interdisciplinary approach to

bioscience education.

helping them understand their
strengths and areas for
improvement; keep students

engaged and motivated.

Challenges and Considerations: While the potential benefits are significant, there are also challenges and

considerations to address:

Quality Control: Ensuring the accuracy and reliability of Al-generated content.

Bias and Ethics: Mitigating biases in Al models and addressing ethical concerns related to data privacy

and academic integrity.

Faculty Training: Educating faculty on how to effectively integrate Al tools into their teaching.

Resource Availability: Ensuring equitable access to Al tools and technologies for all students.

The output can be broadly categorised into student-focussed and educator-focussed in terms of the application of

ChatGPT and LLMs in bioscience education. Personalised learning and tutoring using LLMs have significant

potential for helping students understand complex bioscience concepts in areas such as evolution, cell biology,
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genetics and biochemistry. Several bespoke generative Al applications are indeed now available for biology
students, such as those provided by FlowGPT (https://flowgpt.com/p/biology-tutor) and Al Megalabs
(https://www.aimegalabs.com/biology-tutor-assist-ai), while large, online education providers such as Khan
Academy (https://www.khanmigo.ai/) are also offering Al-powered personal tuition for the biosciences. Some of
the concerns around Al generated bias, inaccuracies and hallucinations are also being circumvented by training
these applications on tailored data sets, specific to biology and related science subjects (Ahmad et al., 2023).
Generative Al may be particularly useful for translating complex biological information and terminology into

manageable and accessible language, especially for students undertaking multidisciplinary studies.

Nevertheless, the generative Al output may still require educator supervision or critical appraisal by the user to
ensure scientific accuracy, especially in areas that require complex mechanistic or conceptual understanding
(Cooper, 2023; Wu, 2023). Rather than liberating more time for teachers to explore concepts with students in
depth, the additional supervision or cross-checking of Al generated material may become more burdensome,
especially if over-reliance on this technology becomes commonplace. Similarly, generative Al has potential as a
personal tutor for individualised learning paths, particularly for continuous assessment and feedback. However,
appropriate prompt engineering is an important consideration in this context, especially if asking the LLM to take
on a specific role as tutor, for example in role-playing scenarios (Gregorcic & Pendrill, 2023; Mohebi, 2024) or

when applying the Socratic method of tuition (see following question and response).

From the perspective of an educator, ChatGPT has considerable potential to assist the development of new course
material, for generating teaching content and assessments, enhancing administrative efficiencies and for
developing curricula (Eysenbach, 2023; Kayabas, 2024). As highlighted by ChatGPT, training of faculty
members, not just with regard to familiarisation of application interfaces and tool capabilities but also on the
ethical considerations and limitations of generative Al, may be essential for this approach to be successful (Alasadi
& Baiz, 2023; Mah & GroB, 2024). Concerns about privacy and security, particularly where student data is
concerned , may also limit the use of generative Al in certain contexts, such as using LLMs to provide feedback

on student submissions (Chan, 2023; Elliott & Soifer, 2022).

Personalised Education and Learning Support

Due to their adaptability, the iterative nature of Al interactions and their vast knowledge base, LLMs may be well-
suited to supporting personalized education in universities. In this context, generative Al could be used to adapt
learning support for individual student’s needs, taking into consideration diverse learning styles, different stages
of educational developmental and personal preferences (Guo et al., 2024; Li & Wong, 2023). Students can also
utilise generative Al to support their autonomous or self-regulated learning, by creating study plans, quiz
questions, learning resources and obtaining personalised feedback and tutoring from Al systems (Chang et al.,
2023; Jin et al., 2023; Lai, 2024). This may also be relevant in the current higher education climate that is
witnessing ever increasing student cohort sizes and may alleviate some of the inherent problems associated with
mass education, such as poor engagement, diverse learning requirements, limited resource allocation and diluted

faculty contact hours (Dempere et al., 2023; Marginson, 2006). To explore this potential further, ChatGPT was

672



International Journal of Research in Education and Science (IJRES)

asked how LMMs can aid personalised education and learning (see Table 2).

Question: I'm interested in learning more about how LLMs can aid personalized education and learning.

How would this be achieved?

ChatGPT: Large language models (LLMs) can significantly enhance personalized education and

learning in several ways. Here's a detailed look at how this can be achieved:

Table 2. How Can LLMs Aid Personalized Education and Learning?

Personalised learning

Example

Benefits

Tailored Educational Content

Interactive Tutoring

Feedback and Assessment

Study Plans and Progress
Tracking

Enhancing Engagement

customized learning materials
based on a student's current
knowledge level, learning style, and
interests; adaptive textbooks and
learning modules; customized

problem sets.

virtual tutors; real-time Q&A;

guided problem solving.

immediate and personalized
feedback on assignments and
exams; automated grading;

constructive feedback.

create and monitor personalized
study plans; goal setting; progress

reports.

make learning more engaging and
interactive; gamification;

interactive simulations.

adjusts in complexity and depth
based on student performance and
feedback; tailored to focus on areas
where a student needs the most

practice.

provide on-demand assistance and
explanations; receive instant,
detailed explanations; step-by-step
guidance, ensuring students
understand each stage before moving

on.

quick and consistent grading of
quizzes, tests, and written
assignments; detailed feedback
highlighting strengths and areas for
improvement, tailored to individual

performance.

assisting students in setting realistic
academic goals based on their
current performance and desired
outcomes; regular updates on

progress.

make studying more enjoyable;
experiment and learn in a hands-on

manner.
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Personalised learning

Example

Benefits

Support for Diverse Learning

Styles

Language Support

Encouraging Critical Thinking

cater to various learning
preferences; visual and audio
content; generating diagrams, charts
and audio explanations; reading

comprehension assistance.

assist non-native speakers and those
with language difficulties;
translation and simplification;

language learning.

challenge students to think critically
and creatively; Socratic method;

debates and discussions.

support students who learn better
through visual or auditory means;
providing simpler explanations to

aid understanding.

translating technical terms and
complex sentences into simpler
language; improve language skills
through interactive exercises and

real-time correction.

encourage deeper thought and
understanding; helping students

develop and articulate their ideas.

Implementation Strategies - To effectively integrate LLMs into personalized education, consider the
following strategies:

1. Integration with Learning Management Systems (LMS): Embed Al tools within existing LMS
platforms to provide seamless access to personalized content and tutoring.

2. Data-Driven Insights: Use student data (with proper consent and privacy safeguards) to tailor
educational experiences and predict future performance.

3. Training Educators: Provide training for educators to effectively utilize Al tools and interpret Al-
driven insights.

4. Feedback Loops: Continuously gather feedback from students and educators to refine and improve
Al-generated content and interactions.

5. Scalability and Accessibility: Ensure Al tools are scalable to accommodate large numbers of students

and accessible to those with different needs and backgrounds.

Of particular interest is the integration of generative Al technologies into existing virtual learning environments

(VLE) or digital learning management systems (LMS). However, this poses significant logistical challenges for

higher education institutions and digital education teams. Data security, scalability and accessibility are important

considerations, with equal and equitable access a serious challenge. Students have a diverse range of technical

abilities and dissimilar educational needs, which would need to be addressed at a programmatic and institutional

level (Nikolopoulou, 2025). With regard to bioscience education, any integrated LLM system would also have to

align with the subject-specific learning material and programme learning outcomes and therefore be designed

appropriately and judiciously.
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Interactive tutoring and tailored education content may be of particular benefit to bioscience students. LLMs are
able to draw on a huge corpus of information and provide subject-specific explanations of myriad biological
topics. However, LLMs do present challenges when navigating content accuracy, content bias and hallucinations
(Li et al., 2024). These may have important implications for student learning in the biosciences, as exemplified
by ChatGPT responses when prompted to describe the pathogenesis of osteoporosis or metabolic diseases
(Alkaissi & McFarlane, 2023). This study highlighted the inadequacies of ChatGPT retrieving genuine scientific
references, the challenges of relying on ChatGPT for accurate scientific information and emphasised the need for
critical evaluation and fact-checking. Although generated output was considered to cover the basic mechanisms
and aid academic writing, ChatGPT and other LLMs may have difficulty explaining complex biomedical and
biological concepts, processes and mechanisms. Furthermore, despite LLMs being capable of reproducing vast
quantities of knowledge, they are far less proficient at replicating human-level creativity and have no conceptual
understanding of generated output (Borger et al., 2023), skills which are highly regarded in the biosciences and
related professions. To gain further insight into the potential of LLMs to provide tailored educational content, a

specific biological example was requested (see Table 3).

Question: Could you provide more details on 'tailored educational content', please? Could you use the
topic of 'human evolution' as an example of how this might be achieved?

ChatGPT: Tailored educational content involves customizing learning materials to meet the specific
needs, interests, and learning styles of individual students. Using the topic of "human evolution" as an

example, here’s how this can be achieved:

Table 3. Examples of Tailored Learning Adjusted to Student Level

Tailored content

Basic Level

Intermediate Level

Advanced Level

Adaptive Textbooks and
Learning Modules:
Create digital textbooks
and modules that adapt
in complexity based on a
student’s understanding

and progress.

Customized Problem
Sets and Assignments:
Design exercises that
focus on the specific
areas where a student

needs practice.

Interactive Learning

For beginners, the
content would include
fundamental concepts
like the definition of
evolution, an overview
of natural selection, and
the timeline of human

evolution.

Simple quizzes and
matching exercises to
test basic understanding
of key concepts and

terms.

Simple, guided

For students with some
prior knowledge,
introduce more detailed
information on hominid
species, genetic
evidence, and
evolutionary

mechanisms.
Short answer questions

and basic analytical

tasks.

Moderate complexity,

For advanced students,
delve into current
research, debates, and
complex theories in

human evolution.

Research assignments
and critical analysis of

scientific papers.

Complex simulations
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Tailored content

Basic Level

Intermediate Level

Advanced Level

Activities: Use
interactive modules and
simulations to make

learning engaging.

Multimedia Content:
Incorporate videos,
animations, and

infographics to cater to

interactions to build
foundational

understanding.

Simplified multimedia
explaining core

concepts.

requiring the student to
connect multiple

concepts.

More detailed
multimedia resources
that include secondary

concepts.

that require critical

thinking and synthesis.

Complex multimedia
that integrates recent

scientific discoveries.

different learning styles.

Real-Time Q&A and
Feedback: Provide

Direct, simple answers to  Detailed explanations Complex, research-based

foundational questions. with connections to discussions or debate-

platforms where students broader concepts. style feedback.
can ask questions and
receive instant,

personalized answers.

Evolution is a core topic in biology higher education curricula and therefore provides a relevant example for the
application of LLMs proposed by ChatGPT. The different level descriptions (basic, intermediate and advanced)
are appropriate for the design of teaching content and suitable for adaption to differing student capabilities and
stages of learning throughout a programme of study. For example, the level descriptions could be applied to an
undergraduate BSc Biology or BSc Bioscience programme with each ascending level analogous to year 1 (FHEQ
level 4, basic), year 2 (FHEQ level 5, intermediate) and year 3 (FHEQ level 6, advanced) modules of study, as
outlined by the UK Quality Assurance Agency (QAA) (QAA, 2024a). These strategies proposed by ChatGPT
could function as starting points for educators wishing to incorporate generative Al into their teaching and learning
resources and adapted to distinctive student competences appropriate for studying undergraduate biosciences. A
similar application is for LLMs to act as virtual tutors to aid student learning. Therefore, ChatGPT was asked to

provide more detail on how LLMs could act as interactive tutors and to provide practical examples.

Question: I'm interested in learning more about how LLMs could act as 'interactive or virtual tutors' to aid student
learning. Could you explain this in more detail, please, and provide an example with 'human evolution'
as the topic?

ChatGPT: Large language models (LLMs) can serve as interactive or virtual tutors by providing real-time,
personalized support to students, answering their questions, guiding them through complex topics, and
offering feedback. Here’s a detailed explanation of how this could work, using "human evolution" as the
example topic:

1. Real-Time Q&A - Students can ask the LLM questions at any time and receive immediate, detailed responses.

Example interaction:
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Student: “What is the significance of Australopithecus in human evolution?”

LLM: “Australopithecus is significant because it represents one of the early stages of hominid evolution, showing
a mix of ape-like and human-like features. It walked upright on two legs, which is a key characteristic of
hominids, and provides insight into the transition from tree-dwelling to terrestrial life.”

2. Step-by-Step Guidance - The LLM can guide students through complex problems or topics in a step-by-step
manner, ensuring they understand each part before moving on. Example interaction:

Student: “Can you help me understand the Out of Africa theory?”

LLM: “Of course! The Out of Africa theory suggests that all modern humans originated from a common
population in Africa. Let’s break it down:

a. Origin in Africa: Homo sapiens evolved in Africa around 200,000 years ago.

b. Migration: Small groups of Homo sapiens began migrating out of Africa around 60,000-70,000 years ago.

c. Replacement: As these groups moved into Europe and Asia, they replaced local hominid populations like
Neanderthals and Denisovans.

d. Evidence: This theory is supported by genetic evidence showing that all humans share common
mitochondrial DNA, indicating a single origin.

3. Personalized Feedback and Explanations - The LLM can provide personalized feedback on assignments and
explain mistakes in detail, helping students learn from their errors.

4. Interactive Simulations and Activities - The LLM can facilitate virtual labs or simulations where students can
engage in hands-on activities.

5. Adaptive Learning Paths - The LLM can create and adapt learning paths based on the student’s progress and
areas of difficulty.

6. Encouraging Critical Thinking and Exploration - The LLM can pose thought-provoking questions and
encourage students to explore topics in depth, fostering critical thinking. Example interaction:

Student: “Why did Neanderthals go extinct while Homo sapiens survived?”

LLM: “Great question! There are several theories.....”

There have been conflicting reports on the potential of ChatGPT and other LLMs to support student’s critical
thinking skills. While some students demonstrate the potential benefit of leveraging LLMs to benefit critical
thinking competencies, other have noted the detrimental effects on student critical thinking (Deng & Yu, 2023;
Ruiz-Rojas et al., 2024). Critical thinking is considered to be a higher order cognitive skill, is a core feature of the
bioscience benchmark statement and is an important competency for bioscience students (Watson et al., 2023).
Generative Al models have been considered to be poor at critical and independent thinking compared to humans,
with assessments that incorporate critical thinking criteria considered to be relatively resistant to Al interference
(Bharatha et al., 2024; Royer, 2024). Leveraging LLMs to encourage student’s critical thinking and cognitive
skills is gaining traction in higher education, particularly in the context of personalised tutoring systems and
question and answer interactions with generative Al applications (Abas et al., 2023), and as outlined in the
responses given by ChatGPT. However, despite advances in LLM algorithms that have been adapted to biological

data and concepts, Al output should still be critiqued by educators and students for accuracy.

There are also ethical considerations regarding the extent to which generative Al should be influencing the
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educational development of students studying bioscience and related disciplines. These include the risk of
algorithmic bias in chatbots perpetuating societal biases, the implications for data privacy and security and the
concerns about Al systems becoming epistemic authorities in higher education (Hauswald, 2025; R. T. Williams,
2024). For example, concerns around the use of sensitive patient information raises issues relating to informed
consent, confidentiality and data security (Ganesan & Somasiri, 2024; Morandin-Ahuerma, 2023). While Al
certainly demonstrates potential for augmenting clinical education and practice, there is a risk of over-reliance
that may undermine the development of human clinical and scientific reasoning skills and requirements for
professional accountability (Preiksaitis & Rose, 2023; Zhai et al., 2024). The need for human oversite therefore
remains, while bioscience and biomedical education programs should encourage learners to critically evaluate Al
outputs. Considering the divergent views on the impact of Al on critical thinking skills and cognitive development,

ChatGPT was asked how LLMs could be used to encourage student’s critical thinking.

Question: You mentioned that LLMs could be used to encourage student's critical thinking. How would this be

achieved in the biosciences?

ChatGPT: Encouraging critical thinking in biosciences through the use of Large Language Models (LLMs) can

be achieved by leveraging their ability to generate thought-provoking questions, simulate scientific inquiry,

facilitate debates, and provide in-depth explanations. Here are several strategies on how this could be

implemented:

1. Socratic questioning - LLMs can engage students in Socratic questioning to stimulate deeper thinking and
exploration of bioscience concepts.

Student: “Why is genetic variation important in evolution?”

LLM: “Good question. Why do you think genetic variation might be crucial for a species’ survival and
adaptation?”

Student: “It allows for different traits that can help in changing environments.”

LLM: “Exactly. Can you think of an example where genetic variation has played a key role in the survival of a
species?”

2. Hypothesis generation and testing - Encourage students to generate hypotheses and think about experimental
designs to test them.

Student: “What could have caused the Neanderthal extinction?”

LLM: “That’s an interesting question. Let’s formulate a hypothesis. One hypothesis could be that climate change
affected their food sources. How would you design an experiment or study to test this hypothesis?”’

3. Facilitating debates - LLMs can help organize and moderate debates on controversial or complex topics in
biosciences.

4. Case study analysis - Present case studies and guide students through analysis and critical evaluation.

LLM: “Here’s a case study on antibiotic resistance. Bacteria in a hospital setting have become resistant to multiple
antibiotics. What are the potential causes, and how could this issue be addressed?”

5. Conceptual mapping - Help students create conceptual maps to visualize and connect different bioscience
concepts.

6. Simulated research projects - Guide students through simulated research projects, from hypothesis to

conclusion.
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LLM “Imagine you are studying the impact of climate change on polar bear populations. What would be your
research question, and how would you go about collecting and analyzing data?”

7. Providing multiple perspectives - Encourage students to consider different perspectives and the complexity of
scientific issues.

Student: “What caused the mass extinction of dinosaurs?”

LLM: “There are several hypotheses, including asteroid impact and volcanic activity. Let’s explore the evidence
for each. What are the strengths and limitations of these explanations?”

8. Reflective Journaling - Prompt students to reflect on their learning and thought processes.

LLM: “Reflect on what you’ve learned about the role of genetic drift in evolution. How has your understanding

changed, and what questions do you still have?”

LLM applications have potential in facilitating learning knowledge exchange, enabling debates and encouraging
students to consider different perspectives when engaging with various biological concepts. For example, it has
been proposed that generative Al could promote deep thinking and active learning through Socratic dialogue (Ma
et al., 2024). This may have benefits in bioscience education by steering students away from an over-reliance of
acquiring direct answers and facts from chatbots or tutors and towards an open debate and dialogue. The general
approach to active learning and dialogue in bioscience education has been shown to improve scientific reasoning
and student understanding of biological concepts (Chien et al., 2024), while the Socratic approach to teaching is
considered valuable for promoting critical thinking in medical education (Ho et al., 2023). However, leveraging
LLMs in this teaching space does require considered prompt engineering to provide students with an appropriate

framework for questioning and to support an effective learning experience.

Creating and Enhancing Education Content

Generative Al is seen by many to have transformative potential in higher education. The concept of Al in
education (AIEd) can trace its origins to early computer-assisted instruction systems of the 1960s and 1970s,
which evolved into more sophisticated intelligent tutoring systems by the 1980s and 1990s (Casheekar et al.,
2024). Over time, advances in machine learning and natural language processing enabled the development of
virtual learning environments and Al systems that have allowed university educators to improve both the
efficiency and effectiveness of their teaching practices (Holmes & Tuomi, 2022). Teachers and educators are
central to the application of AIEd, as it they who are responsible for how and to what extend these tools are applied
to student learning (Luckin et al., 2024; Luckin, 2016). AIEd can be applied to both student-centred and educator-
centred approaches, with overlapping themes emerging such as the broad deployment of generative Al tools to
support student learning and knowledge acquisition. In the context of this section, I emphasise teacher-focused
AIEd, and largely ignore the third institute-focused AIEd domain that includes the use of Al for administrative

tasks.

Many studies highlight generative AI’s potential in higher education (Adigiizel et al., 2023; Baidoo-Anu & Ansah,
2023; Bettayeb et al., 2024; Sabzalieva & Valentini, 2023). For example, generative Al may be a valuable tool

for educators by facilitating the creation, development and systematic organisation of instructional resources. It
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may offer opportunities to analyse and conceptualise complex scientific data to support teaching and student
engagement or provide virtual case studies and laboratory scenarios that students can use in a safe learning
environment (Nikolopoulou, 2024). In addition, LLMs have been demonstrated to assist in the writing and
development of quizzes and exam papers on subject-specific topics that may expedite the development of
assessment resources for teachers and offer study assistance to students (Gamage et al., 2023; Michel-Villarreal
et al., 2023; Xia et al., 2024). Therefore, ChatGPT was asked to provide more details on how LLMs and Al could

assist educators in creating or enhancing educational content (see Table 4).

Question: You previously stated that LLMs and Al can assist educators in creating and enhancing
educational content. Could you provide more detail, with a particular focus on biology education?

ChatGPT: LLMs and Al can play a significant role in creating and enhancing educational content for

biology education. Here are some detailed ways they can assist educators:

Table 4. Examples of Enhancing Educational Content

Criteria

Examples

Generating Lesson Plans and

Educational Materials

Creating Interactive Simulations

and Virtual Labs

Developing Adaptive Learning
Modules
4. Enhancing Visual and

Multimedia Content

Crafting Assessment Tools and

Rubrics

Providing Supplemental Reading

and Research Materials

Facilitating Collaborative

Learning

Lesson Plans: Al can generate detailed lesson plans, including

objectives, key concepts, activities, and assessment methods.

Teaching Materials: Create slides, handouts, and worksheets with clear

explanations and engaging visuals.

Simulations: Design simulations that mimic biological processes, such

as enzyme activity, genetic inheritance, or ecological interactions.

Virtual Labs: Create virtual laboratory experiments where students can

conduct experiments, collect data, and analyze results.

LLMs can create adaptive learning modules that adjust content difficulty
based on student performance and understanding.
Al can generate high-quality visual aids and multimedia content to make

complex biological concepts more understandable and engaging.

LLMs can assist in creating diverse assessment tools and detailed

rubrics to evaluate student learning effectively.

Al can curate and generate supplemental reading lists and research

materials to enhance students’ understanding of topics.

Al tools can create platforms and activities that encourage collaborative

learning and group projects.
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Criteria Examples
Supporting Diverse Learning LLMs can create content that caters to different learning styles, ensuring
Styles all students can engage with the material effectively.

Automating Administrative Tasks Al can automate administrative tasks related to content creation,

allowing educators to focus more on teaching and student interaction.

Enhancing Student Engagement Al can create gamified content and interactive activities that increase

student engagement and motivation.

There are several ways that generative Al technologies could assist bioscience educators in designing learning
resources, teaching activities, and improving curricula. The generation of lesson plans and the design of modules
using LLMs could expedite the process of module and programme development, which often takes considerable
time to plan, draft and finalise. New iterations of generative Al applications can now analyse text, images and
data, and generate images, figures, graphs and entire presentations. Al could also facilitate the development of
experiential learning resources, such as hands-on activities, virtual labs and simulations, which could be
particularly valuable for bioscience students, and those studying other STEM subjects. Al system could facilitate
this learning approach by allowing students to gain experience and acquire skills that parallel professional

activities such as lab-work, fieldwork and data analysis (Whitworth et al., 2018).

Educators face considerable challenges understanding and incorporating Al technologies into teaching practices
and curricula, with attitudes ranging from fully embracing Al to banning Al tools altogether (Concannon et al.,
2023). Many educators lack formal training in Al fundamentals or the pedagogical implications of Al
technologies. This situation is exacerbated by rapid developments in generative Al capabilities and the continual
release of new LLMs and now Al agents; a prime example being the recent release of ChatGPT 30 and Deep
Research (https://openai.com/index/introducing-deep-research/). Continuous professional development is
therefore necessary for educators to attain critical technical and Al literacy. This training should not only equip
faculty with the fundamentals of Al applications but also allow them to make informed judgements on Al-
generated content, its limitations and the ethical implications (Selwyn, 2019). Educator training is essential for
evaluating the impact of Al on assessment, the ability to innovate assessments in light of advances in generative
Al capabilities, the increasing student adoption of Al applications, and for the integration of these new

technologies into flexible and inventive teaching modalities (Xia et al., 2024).

Educators often encounter physical and technical constraints within institutional teaching environments, such as
network access, availability of education technology (EdTech) platforms and audiovisual complexities. This
establishes a discord between the intentions of educators and the digital infrastructure available, which interferes
with the adoption of EdTech. As EdTech platforms and generative Al technologies rapidly evolve, adapting to
new interfaces becomes increasingly challenging. Incorporating these recent technologies into pedagogical

frameworks and teaching practices also requires continuous professional and skills development. The solution is
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likely to require a cultural change within higher education institutions and the redistribution of limited resources,
which the higher education sector needs to balance with robust policies and Al frameworks to minimise ethical

and data security risks (Batista et al., 2024; Liu et al., 2023).

Enhancing Inclusivity

Inclusivity in higher education centres on creating environments where students, regardless of their background,
identity or circumstance, have equitable access to learning opportunities and success (Smart, 2008). Historically,
inclusivity relates to ongoing disparities in access to higher education due to economic, social, cultural or
institutional barriers and has several parallels with equity in higher education, whereby measures are established
to mitigate inequalities, remove barriers and support the success of diverse student populations (Danowitz & Tuitt,
2011; Goering et al., 2022; Jeffries, 2018). Contemporary student cohorts represent a varied cross-section from
society, including those from underrepresented minorities, different socio-economic backgrounds, students with
disabilities, LGBTQ+ students, first-generation students, adult learners and international students. Promoting a
more inclusive and equitable learning environment can also foster creativity, critical thinking and problem solving,
and expose students to diverse viewpoints and the complexities of modern societies (Goering et al., 2022; Munna
& Kalam, 2021). Therefore, given the importance of inclusivity and equity in modern universities, ChatGPT was

asked how generative Al can help make bioscience education more inclusive (see Table 5).

Question: You stated that generative Al can help make bioscience education more inclusive? How could
this be achieved? Could you provide some examples in biology education?

ChatGPT: Generative Al can help make bioscience education more inclusive by creating accessible,
personalized, and engaging learning experiences for all students, regardless of their backgrounds,
learning preferences, or abilities. Here are several ways this can be achieved, with examples in biology

education:

Table 5. Example of Generative Al Can Help Make Bioscience Education More Inclusive

Generative Al application Example description

Personalized Learning Paths create customized learning experiences tailored to the individual needs and
pace of each student. Adaptive content: adjusts the difficulty and style of
content based on student's progress and understanding. Individualized

feedback: provides guidance to help students improve.

Multimodal Learning Resources  generate content in various formats to cater to different learning styles and
preferences. Visual Aids: diagrams, infographics and videos for visual
learners. Audio Descriptions: narrations and podcasts for auditory learners.
Interactive Activities: hands-on simulations and experiments for

kinesthetic learners.

Language Translation and translate educational materials into multiple languages and simplify
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Generative Al application

Example description

Simplification

Support for Students with
Disabilities

Inclusive Assessment Methods

Cultural Relevance and

Sensitivity

Continuous Access and

Flexibility

Interactive and Engaging

Content

Real-Time Support and Tutoring

Collaboration and Peer

Learning

complex texts to make them accessible to non-native speakers or students

with varying levels of language proficiency.

generate content and tools that are accessible to students with various
disabilities. Screen Readers: provide text-to-speech capabilities for

visually impaired students.

create diverse assessment formats that accommodate different learning

styles and abilities.

create content that is culturally relevant and sensitive, ensuring that all

students feel represented and respected.

provide continuous access to learning resources, allowing students to learn

at their own pace and on their own schedule.

create interactive and gamified content to keep students engaged and

motivated.

provide real-time support and tutoring, helping students overcome

challenges, where Al guides students through difficult topics.

facilitate collaboration and peer learning, enabling students to learn from

and support each other.

Existing learning resources and teaching material could be further adapted to suit diverse student needs and align
with particular learning styles, for example by creating customised content for visual, auditory or kinaesthetic
learners, thereby promoting student engagement across diverse cohorts (Alshahrani, 2023; Mohebi, 2024). A
particular strength of LLMs is their ability to support students with language translation and simplification,
particularly for students whose first language is different to the native language of their host institution. Language
applications may also be beneficial for students with particular leaning needs who may benefit from text converted
to audio (or vice versa), automatic transcription or captioning of video. LLMs could also support cultural and
ethnic diversity, an area where some biology and STEM curricula have historically been deficient (Fernandes,

2021).

Biology is traditionally taught through the lens of a Western and male perspective (Arif et al., 2021) and
decolonising bioscience curricula could take inspiration from recent medical curricular reform (Wong et al.,
2021). Despite concerns regarding training and algorithmic bias when applying generative Al models in this

context (Kasneci et al., 2023), Al has the potential to assist with curricula reform by helping education providers
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encompass more diverse aspects of society. For example, generative Al could be prompted to provide biological
explanations that incorporate examples from diverse ethnic backgrounds. A contemporary parallel with bioscience
research is the recent publication of the panhuman genome project, which aims to more broadly map the genetic
diversity of the global human population (Wang et al., 2022). LLMs could therefore assist with incorporating the

panoply of human diversity into contemporary bioscience education.

However, concerns have been raised regarding the potential risk of exacerbating inequalities and expanding the
digital divide. Despite the perceived democratisation of knowledge acquisition that generative Al provides, those
students from certain underrepresented groups have historically suffered from technological deprivation, for
example due to lack of internet access, digital skills and language barriers (Raihan et al., 2024). Care should be
taken, therefore, to ensure that access to Al technologies is equitable within higher education institutions and that
all students are provided with the necessary Al literacy skills required to utilise these tools proficiently. Promoting
equitable pedagogies and institutional policies to foster a more inclusive higher education environment will be an

ongoing challenge for universities considering the rapid evolution of Al applications (Roshanaei et al., 2023).

Curriculum Design

Due to diverse learner profiles and knowledge levels, teaching in the higher education sector is both challenging
and rewarding. Effective university curricula must therefore incorporate robust subject-specific learning material,
while maintaining standards for teaching, assessment and quality assurance (Hoecht, 2006). Several proponents
of curriculum reform have highlighted the importance of inclusivity and acknowledging the diversity of students
with different abilities, ages and educational backgrounds (Chan et al., 2017). The influence of professional
standards authorities, such as the Quality Assurance Agency in the UK (QAA, 2024b), offer further support to
ensure inclusivity in curriculum design, aligning with both institutional policies and subject benchmark
statements, with the overall aim of offering diverse learning opportunities and ensuring coverage of domain- or
discipline-specific educational content (Munna & Kalam, 2021). Therefore, ChatGPT was asked how generative

Al could assist in aligning undergraduate bioscience curricula with QAA benchmark statements (see Table 6).

Question: I'm also interested in improving the bioscience curriculum at university. In the UK, higher
education institutions use the QAA benchmark statement in biosciences as an informative guide. How
could generative Al be used to align an undergraduate BSc Bioscience curriculum with the QAA
benchmark statement in biosciences?

ChatGPT: Aligning an undergraduate BSc Bioscience curriculum with the QAA (Quality Assurance
Agency) benchmark statement in biosciences can be greatly facilitated by the use of generative Al

Here’s how generative Al can be utilized to achieve this alignment effectively:

Table 6. Aligning Curriculum with Subject Benchmark Statements

Alignment strategy Description

Curriculum Mapping and Analyze current curriculum and map it against the QAA benchmark statements

Analysis to identify gaps. Use Al to review existing course content, learning outcomes,
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Alignment strategy

Description

Generating Course Content

and Resources

Developing Assessment

Methods

Personalized Learning

Paths

Enhancing Pedagogical
Approaches

Continuous Feedback and

Improvement

Facilitating Accreditation

and Quality Assurance

Professional Development

for Educators

and assessment methods. Align with QAA benchmark statements to ensure

comprehensive coverage of required competencies and skills.

Generate and update course content to meet QAA benchmarks, ensuring that all
topics and competencies are covered. Generate lecture notes, reading lists, and
multimedia resources. Suggest up-to-date academic articles, textbooks, and

online resources that align with the benchmarks.

Design assessments that align with the QA A benchmarks, ensuring that
students are evaluated on all required competencies. Create quizzes, exams, and
project assignments that reflect the skills and knowledge outlined in the
benchmarks. Develop detailed rubrics that ensure consistent and objective

grading.

Create personalized learning paths for students to ensure they meet all the

benchmark standards by the end of their degree.

Suggest innovative teaching methods and pedagogical strategies to meet the

QAA benchmarks effectively.

Facilitate continuous feedback from students and educators to ensure the

curriculum remains aligned with QAA benchmarks.

Assist in preparing for accreditation reviews and ensuring ongoing compliance

with QAA benchmarks.

Provide resources and training for educators to help them align their teaching

with the QAA benchmarks.

Aligning new or existing undergraduate programmes with the QAA Subject Benchmark Statement in Biosciences

ensures consistent higher education delivery across the sector (Watson et al., 2023). Biosciences is a broad

discipline that encompasses various pathways with a common objective of understanding life on Earth. Several

disciplines and courses are therefore positioned within the bioscience framework, including biology, biochemistry

and physiology, with a collective emphasis placed on developing a range of student skills such as analytical and

critical thinking, practical skills, communication, research and collaboration. LLMs could therefore assist

educators and course developers to align their programmes with these core student skills and ensure relevant

subject areas are included within the curriculum, for example including the theory of evolution; whole organism

physiology and anatomy; species interactions; behaviour, population biology and dynamics; ecology and

ecosystems biology; biotechnology; and cellular and molecular biology (Watson et al., 2023).
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Many contemporary bioscience programmes offer students individualised pathways that allow specialisation.
LLMs could offer an efficient way for educators to ensure those pathways remain aligned with the benchmark
statement standards within their sub-discipline and provide a tool for continued quality assurance and compliance
with QAA, sector and institutional standards of practice. This may also include some insights on training educators
and providing suggestions for continued professional development (Jones & Newton, 2024; Lee et al., 2024). As
Al technology continues to advance, educator training on recent developments will be essential for appropriate

integration in education strategies.

Generic competencies are another critical component of higher education curricula and include critical thinking,
problem solving, analytical skills, communication, academic literacy, digital literacy, collaboration, teamwork
and life-long learning (Clanchy & Ballard, 1995). These competencies go beyond domain-specific knowledge and
equip students with transferable skills applicable across disciplines (Chan et al., 2017). Despite the growing
importance of generic competencies, there is a lack of understanding among academics regarding their
development and inconsistencies in their deployment within higher education providers (Hyytinen et al., 2019;
Tuononen et al., 2022). Generative Al may offer educators a viable solution to align their curricula with these
generic competencies and highlight areas of the curriculum where these elements of skills development could be
employed (Michel-Villarreal et al., 2023). Al tools may also offer opportunities to align curricula and teaching
practices with institutional policies and education frameworks (Wang et al., 2024). However, educator acceptance
and poor Al literacy remain a challenge, while curriculum developers must be aware of data privacy and ethical
risks when deploying Al tools. The adoption of generative Al and LLMs for educational resource creation should
also be approached with caution, as human oversight and agency should remain paramount, ensuring that Al
technology complements rather than replaces the human elements of teaching (Chan & Tsi, 2024; Paraschiv,

2024).

Assessment design and delivery is considered a fundamental aspect of programme design. Assessment and
feedback is also known to be a key driver of student learning and engagement in higher education, particularly if
placed into the context of the principles of ‘assessment for learning’ (Carless, 2005) and ‘constructive alignment’
(Biggs, 1996). Generative Al tools could provide support for educators to align their assessment practices with
these principles, to generate ideas for assessment formats and to generate questions that align with programme
learning outcomes. Much debate in the literature has focussed on students using generative Al tools, such as
ChatGPT, to produce assignment outputs and commit plagiarism or breaches in academic integrity (Benuyenah,
2023; Cotton et al., 2024). Concerns regarding academic integrity and plagiarism are certainly justified given that
ChatGPT, and other LMMs, have demonstrated high levels of competencies on several university-level
assessment formats (Gilson et al., 2022; Newton & Xiromeriti, 2024; A. Williams, 2024). The contrasting view
is that generative Al offers significant potential to diversify assessments, support student learning and promote
assessments that evaluate higher order cognitive skills, such as critical thinking, collaboration and problem-
solving (Benuyenah, 2023; Gamage et al., 2023). Therefore, I will not comment further on the topic of Al and

academic integrity here.
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Ethical Challenges and Considerations

The ethics of higher education encompass a broad set of principles that are essential for an inclusive, impartial
and intellectually honest academic environment that transcend the basic idea of university as repository of
knowledge (Newman et al., 1996; Richardson & Healy, 2019). The commitment to fairness and equity in student
admissions, access to resources and the experience of diverse learners are critical for contemporary universities
to uphold high standards of ethical practice. Furthermore, transparency and accountability in institutional
decision-making processes are key to ensure all students are treated justly. As higher education institutions
integrate more digital technology, including Al into teaching, learning and administrative processes, safeguarding
personal information and ensuring data protection is becoming increasingly challenging and an area that
necessitates responsible implementation (Roberts et al., 2017; Selwyn, 2019). Another central tenet of higher
education is the interaction between teacher and student (Brown & Krager, 1985). However, some consider the
emergence of generative Al as a disruptive influence that may harm the student-teacher relationship, while others
recognise the benefits of adopting Al technology to complement teacher-led tuition (Chan & Tsi, 2024; Farrelly
& Baker, 2023). Therefore, ChatGPT was asked to comment on the ethical challenges and considerations of using

generative Al in the higher education context (see Table 7).

Question: You also mention ethical challenges and considerations. Can you explain more about the
ethical concerns and bias when using generative AI? Could you explain this is detail, please, and provide
some examples relevant to biology education?

ChatGPT: The use of generative Al in education, including biology education, brings significant
potential but also comes with several ethical concerns and biases that need careful consideration. Here’s

a detailed look at these issues:

Table 7. Ethical and Bias Concerns When Using Generative Al in Education

Ethical and Bias Concerns Description

Academic Integrity Students may misuse Al tools to generate content that they present as their

own work, compromising academic integrity.

Data Privacy and Security Al systems require large amounts of data to function effectively, raising

concerns about the privacy and security of student data.

Informed Consent Students and educators must be fully aware of how their data is being used

by Al systems.

Transparency The decision-making processes of Al systems should be transparent and

understandable to users.

Training Data Bias Al systems learn from data, and if the training data contains biases, the AI’s

outputs will reflect those biases. Example: an Al system might not
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Ethical and Bias Concerns Description

adequately represent biological diversity or educational practices, leading to

a biased perspective.

Algorithmic Bias Even with unbiased data, the algorithms themselves can introduce biases
through the ways they process and prioritize information.
Example: an Al tool might disproportionately flag students from certain
demographic backgrounds if the algorithm is not carefully designed and

tested.

Representation Bias Al systems might not adequately represent all groups, leading to a lack of
inclusivity in educational content and resources.
Example: A generative Al tool might inadvertently focus primarily on
Western scientific discoveries and neglect important contributions from

scientists in other parts of the world.

Academic integrity, with regard to students misusing generative Al to produce written assignments, is a major
concern across higher education (Sullivan et al., 2023). Some institutions have taken the approach of employing
Al detection software to mitigate for this misuse. However, Al detection software is unreliable and produces false
positives (Chen et al., 2020). Moreover, entering an arms race between generative Al and Al detection software
is likely to be a futile exercise, given the rapid advancement of new iterations of generative Al models. A return
to in-person, invigilated assessments and a reduced reliance on online exams, will certainly improve assessment
resistance to Al. Various forms of assessment are also considered more refractory to Al misuse, such as viva voce
examinations, practical and clinical assessments and interactive presentations. These are already evident in many
bioscience programmes and have a robust history in bioscience education. However, a more pragmatic and
progressive approach may be needed, which favours the integration of Al into existing and new assessment
formats (Sabzalieva & Valentini, 2023; Williams, 2025). Al could be incorporated into assessment formats, for
example as an ‘Al solution-finder’, ‘Al-generated research proposal’, ‘Al-created learning resource’ or using Al
to generate drafts of written assignments (Sharples, 2023). These Al-friendly approaches are additionally
beneficial for promoting generative Al and technological literacy among students and fostering critical thinking

and creativity.

Caution should be exercised, however, when handling student work and personal data, as several generative Al
platforms, such as ChatGPT, use imputed text to further train their models. Data security, use of personal
information and ownership of material are important considerations. This may be particularly relevant if educators
wish to use generative Al applications to provide feedback on submitted student work. Using protected Al tools
or open-source platforms may be necessary to ensure confidentiality and data protection, while mitigating any

cybersecurity risks (Chan, 2023).
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Despite the possibilities of modifying existing assessment formats or further integrating generative Al into
assessment design, concerns persist regarding algorithmic bias and hallucinations (Francis et al., 2025).
Inaccuracies or misinformation generated by AI, whether deliberate or unintentional, not only undermines
academic rigour, but it also poses serious questions regarding systemic bias. Although several strategies have been
proposed to mitigate for algorithmic bias, including technical methods for detecting and mitigating bias,
challenges remain for higher education providers, and for students, when navigating the ethical complexities of
generative Al output (Barnes & Hutson, 2024; Liao et al., 2023). As unintentional biases may exist in the Al
training data, continued vigilance and substantiation of facts are needed. Issues around ownership of Al generated
content, intellectual property rights and copyright infringement also persist, which may be compounded by the
lack of GDPR and other internationally recognised regulatory agreements placed on Al systems (Berendt et al.,
2020). There are also concerns about transparency and accountability regarding Al generated content, with the
responsibility of ensuring accuracy falling to the user. The ‘black-box problem’, which refers to the lack of
transparency in how Al models make decisions, further contributes to the lack of accountability, which may
require the coordinated training of students on the both the ethical principles and capabilities of generative Al

(Bearman & Ajjawi, 2023).

Discussion

Generative Al is considered to be part of the fourth industrial revolution, or industry 4.0, along with advanced
robotics, big data analytics and cyber-physical systems (Giannakos et al., 2024; Mian et al., 2020). While industry
4.0 focussed on automation and efficiency, industry 5.0 is now prioritising human collaboration with advanced
technology to foster human creativity and productivity (Andres et al., 2022; Hashim et al., 2024). Al in education
is therefore a critical component of this revolution. This article examines how generative Al tools can enhance
teaching and learning, discussing both the opportunities and hurdles in integrating such technologies into
educational environments. Considering the potential impact that LLMs may have on transforming teaching and
learning modalities (Michel-Villarreal et al., 2023; Wu, 2023), and the way in which students are adopting Al in
their studies and assessments (Arowosegbe et al., 2024; Chan & Hu, 2023), it is important to explore the
capabilities and limitations of this technology in higher education settings. This paper presents a conversation

with ChatGPT 4o and a critical evaluation of the role of generative Al and LLMs in bioscience higher education.

In particular, chatbots such as ChatGPT offer a user-friendly interface that enables a convincing, human-like
dialogue with the user. The iterative and experiential quality of Al chatbots, allows users to access information
rapidly and request iterative modifications of generated output. Furthermore, LLM algorithms that leverage
natural language processing learn and modify in response to user feedback. In concert with the massive training
data set, which is even larger with more recent iterations of GPT models and competitor LLMs, means that a huge
corpus of knowledge and human-generated information is available for exploration. Generative Al therefore holds

significant promise for exploring ideas for transformative pedagogies in the biosciences (Tamer et al., 2024).

The educational concepts explored in conversation with ChatGPT included using LLMs to support personalized

student learning experiences, tailoring educational content, providing personalized feedback and assisting in
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learning development. Furthermore, the iterative nature of feedback loops facilitated by LLMs cultivates a process
of continuous improvement, empowering students to refine their analytical skills and to develop their
understanding of subject-specific concepts (Hounsell, 2003). LLMs may hold promise in supporting problem-
solving skills and critical thinking, through simulated scenarios, role-playing, Socratic dialogue and case studies,
which represent valuable approaches for student learning in the biosciences and other STEM subjects. The
potential of Al to act as a personal tutoring system has been well documented (Adigiizel et al., 2023; Baidoo-Anu
& Ansah, 2023), although careful prompt engineering and responsible use are important considerations for both
teachers and students, not least to avoid inaccuracies and mitigate for the risks of hallucinations (Kasneci et al.,

2023; Rudolph et al., 2023).

However, recent concerns about ChatGPT loosing quality and performance over time have emerged, particularly
in response to ‘chain-of-thought’ prompting (Chen et al., 2024). This may cause issues with reproducibility and
reliability, two important qualities to consider in bioscience education and when using LLMs as a learning support
interface. Another concerning feature to consider is the generation of hallucinations, which are a persistent
problem with generative Al tools and therefore guidance and training for students and educators is recommended,
particularly with regard to scientific writing and as a reliable knowledge base to support student learning (Alkaissi
& McFarlane, 2023; Arnold, 2023). Algorithmic bias is important ethical consideration, given the potential of Al
systems to absorb and reiterate societal biases (Bolukbasi et al., 2016; Lund & Wang, 2023). In an educational
context, this could undermine the value of LLMs as a reliable resource, with responsibility for ensuring partiality
assigned to educators and students (R. T. Williams, 2024). The lack of transparency inherent in Al systems, and
the associated black box problem, is another ethical consideration that warrants further exploration with regard to
fairness and accountability (Garcia Ramos & Wilson-Kennedy, 2024). Issues with bias and digital equity may
even go beyond those related to underrepresented student groups to include academic researchers, as highlighted
by a recent study suggesting that generative Al may accentuate the widening of the productivity gap between
genders (Tang et al., 2025). Although generative Al offers opportunities for the global democratisation of
education, this needs to be balanced with responsible ethical frameworks (Yu, 2024; Zhai, 2022). To integrate Al
into higher education in a positive and beneficial way may require a deeper critical appraisal of the algorithmic

bias challenges, and further education-focussed research in this area would be valuable.

The limitations and ethical considerations of LLMs include challenges related to biased, outdated and incomplete
information, complexity of scientific language, lack of contextual understanding, inability to verify information,
limited understanding of generated output, and digital equity considerations. However, it was notable that
ChatGPT generated balanced responses when prompted on its limitations. The integration of generative Al has
been discussed by Sallam ef al. (2023) in the context of healthcare and allied medical education, with plagiarism,
lack of personal interaction, generation of inaccurate content and negative impact on critical thinking development
noted as shortcomings (Sallam et al., 2023). Concerns have previously been raised regarding ChatGPT positioning
itself as an epistemic authority without appropriate discipline-specific knowledge and expertise (Cooper, 2023).
This further highlights the need for appropriate staff and student training in ChatGPT use, and generative AI more
broadly, particularly in the context of biosciences education. Overcoming techno-panic and the resistance to adopt

emerging technologies among educators would also be important for the integration of Al tools into education
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practices (Baidoo-Anu & Ansah, 2023; Garcia Ramos & Wilson-Kennedy, 2024). Further research would be
warranted on how best to develop educational frameworks and professional development programs to train

bioscience educators on the responsible integration of generative Al technologies.

Central to the conversation surrounding LLMs was the exploration of bioscience curricula development, teaching,
assessment and feedback strategies, learning resources that align with biological subject content and quality
assurance. By leveraging LLMs, educators can deploy innovative assessment formats, adaptive learning pathways
and strategies for personalised feedback and learning support (Baidoo-Anu & Ansah, 2023). There may be further
opportunity to explore the development and validation of assessment tools leveraging LLM capabilities for
bioscience education and further research could focus on the design and implementation of assessments that
incorporate generative Al into their design, particularly in the context of experiential or authentic assessments that
are relevant for professional bioscience practices (Salinas-Navarro et al., 2024). This research could also be
extended to the impact of generative Al on critical thinking, which is a frequently cited aspect of student learning

affected by Al system use (Larson et al., 2024; Ruiz-Rojas et al., 2024).

Conclusion

There is a valuable opportunity to explore the varied potential of LLMs to support numerous aspects of bioscience
higher education and related allied healthcare and STEM disciplines. No doubt educators and the higher education
sector face significant challenges when trying to adapt to Al, including ethical considerations surrounding the use
of LLMs in educational settings, which may be particularly prescient for medical and bioscience education given
the humanistic qualities of these subjects. Future research could investigate the ethical implications of LLM-
generated content regarding learning resources and assessment practices, including issues related to bias,
reliability, privacy and academic integrity (Moorhouse et al., 2023). The impact of LLMs on equitable access and
equality among students in higher education could also be explored, including examining the effectiveness of
digital literacy training and equitable distribution of digital resources in addressing disparities and promoting
inclusive learning environments. Critically, universities have a responsibility to train their students on the
technical, ethical and acceptable uses of generative Al and to equip students to become effective members of an
Al-driven society (Aoun, 2024; Ocafa-Fernandez et al., 2019). In conclusion, the conversation with ChatGPT
was intended to stimulate further dialogue among educators and student partners, and to explore the utility of

generative Al in the biosciences.
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