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Abstract

This study examines the use of teacher-supervised generative artificial intelligence (GenAl) to design curriculum by
employing the GenAl in a reproducible dataset. The study uses a pretest/posttest control group design to evaluate a
GenAl-assisted curriculum in life science. The sample consists of 140 students (70 in each group) and an 8-week
instructional period. The indicators of effectiveness assessed the students’ understanding and included engagement
and achievement. The analyses employ both qualitative and quantitative techniques. The techniques include but are
not limited to: analysis of covariance (ANCOVA), paired and independent samples tests, effect size calculations, 95%
confidence intervals, Pearson product-moment correlations, and multiple regressions. The control and experimental
groups did not differ statistically on any of the baseline measures (all p > .27). The experimental group showed more
improvement on all measures of engagement, clarity, and achievement (mean difference = 5.35, 4.08, and 5.96,
respectively). After accounting for the students’ pre-test achievement, the effect of group membership on students’
achievement was statistically significant (p < .001). GenAl in teacher-mediated models of curriculum design can be
effective in engaging students in scientific practices, for example, to create a graph or determine and justify a scientific
conclusion.

Keywords: Generative Artificial Intelligence; Curriculum Design; Life Science Education; Conceptual Clarity,
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1. Introduction

The natural sciences and other fields, e.g.
engineering, employ critical, integrative and creative
activities, which in the natural sciences, result in the
descriptions and/or explanations of the phenomena
and events of the physical world (Uminski et al.,
2024). The challenge for instructors is how best to
integrate these aspects of the natural sciences within
the context of undergraduate teaching (Uminski et al.,
2024). Transforming our educational approaches and
methods to facilitate students’ appreciations of
mechanisms of science will require major shifts in our
educational practices (Uminski et al., 2024). The
ability to accomplish this has been demonstrated
(Freeman et al., 2014;).
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A framework within which it is legitimate to
posit that advancement in STEM Education will occur
through the disruption of the Educational Status Quo,
arising from general improvements in Education and
the rapid, and largely unconstrained, proliferation of
powerful Generative Al Systems, has been articulated.
Within the framework of Education, Generative Al
Systems enable disruptive innovations, which have the
potential to create greater Equity.

Positive disruptions from Generative Als will
soon dominate education. Disruptions will be focused
on the structural and equity aspects of education. The
cost and widespread availability of technologies will
affect how innovation disrupts education.
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2. Review of Literature

2.1 Use of Generative Al in Curriculum and
Instruction

There has been very recent acceptance of using
GenAl in academic curricula as a planning and
instructional support tool. Coordination with school
personnel is recommended to incorporate school-
specific scheduling and planning processes. Along
with lesson planning, GenAl can help in developing
learning materials, providing examples and answering
instructive and evaluative questions. Systematic
reviews of the literature recommend integrated use of
GenAl technologies in curriculum and instruction and
emphasize the importance of teacher oversight of
explanation generation in the context of learning
goals, leveling of cognitive demands, and instructional
relevance (Baig & Yadegaridehkordi, 2024;
Moundridou et al., 2024; Qian, 2025). The focus of
research has shifted from the capability of GenAl in
developing educational content to the role of educators
in integrating and assessing curriculum generated by
GenAl.

2.2 Life Science

Understanding concepts in life science involves
not only acquiring terminology, but also acquiring
relations, causation, and evidence as well as
representing them in various ways such as verbally, in
writing, and/or with drawings and models. Current
assessment of biological concepts and ideas tends to
favor factual knowledge, thus creating a gap between
assessment and the types of explanations and
arguments required to support scientific conclusions
(Uminski et al., 2024). Participation in activities that
promote deep understanding of ideas and concepts in
biological science can help address achievement gaps.
Such activities may include comparing and contrasting
ideas and constructing or formulating conclusions
based on evidence and examples, and providing
explanations and justifications. GenAl may help
educators develop such activities by generating
examples and case scenarios of incorrect biological
ideas and providing prompts to students for
constructing and justifying biological ideas and
conclusions.

2.3 GenAl, Cognitive Engagement, and Learning
Outcomes

The evidence syntheses that are published
recently are experiment-type syntheses rather than
description-type syntheses. In 2025, several meta-
analyses were published and they showed positive
average effects of teaching with GenAl on learning.
The meta-analyses reported variability due to a
number of factors, such as the level of instruction, the
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subject area and task, the length of the instruction and
the context of the implementation (Chen & Cheung,
2025; Deng et al., 2025; Han et al., 2025; Liu et al.,
2025; Ma & Zhong, 2025). The presence of variability
is significant and shows that providing students with
access to a Generative Al model does not imply that
an instructional design problem has been solved. The
instructional design involves identifying a set of
Educative Tasks and Interactive Prompts that guide
and regulate students’ engagement and activities using
the Al model.

2.4 Threats, Overreliance, and Teacher Mediation

As with other educational resources, educators
are encouraged to regulate and integrated Al resources
in a pedagogically-sound manner to address
educational goals and student learning. The integration
of educational resources, including Al resources,
should be aligned to Educative Tasks and Interactive
Prompts that regulate student engagement and
activities, and maintain students’ cognitive
responsibility. Using these resources to support
students’ learning may  promote  students’
understanding and provide positive impact on
students’ learning (i.e. positive academic-integrity).
However, educational resources, including Al, are not
failure-proof and may provide negative academic-
integrity (i.e. hallucinations and plagiarism). Hence,
educational resources (Al) should be integrated and
regulated, by teacher mediation, for quality assurance.

2.5 Research Gap

Most research has focused on generalized analysis of
the impact of ChatGPT, or has studied other academic
fields outside of the life sciences. Further, few studies
have focused on the use of GenAl to develop
instructors’ lesson plans and incorporate it to provide
examples of conceptual clarity and cognitive
engagement. As GenAl technology evolves and
instructors integrate this technology into teaching,
researchers should investigate how educators can use
a GenAl assisted curriculum to structure summative
and formative assessments. This research proposes
methods to evaluate a teacher-led GenAl-assisted
curriculum, and identifies evidence (i.e. pre and post
assessments) and adjunct resources (i.e. covariance,
confidence intervals, effect sizes, and/or prediction
intervals) to provide evidence of learning.

3. Conceptual Framework
3.1 Conceptual Clarity: Recollection vs. Relational
Understanding

In this context, the term conceptual clarity refers
to the learner’s ability to recognize a life science
concept, differentiate it from surrounding concepts,
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and articulate the relationship between the ideas.
Clarity can also be understood at a higher level, for
example, by constructing a biological system and/or
explaining and justifying why a given system or idea
does not align with the data.

3.2 Cognitive Engagement: The ICAP Perspective

The second element is cognitive engagement.
The ICAP model identifies different ways of engaged
learning, including passive, active, constructive, and
interactive learning. The expectation is that learners
will construct and deepen their understanding when
they individually or collectively formulate and
propose explanations, rather than simply observing
and interpreting information. The GenAl-based
curriculum and educational sequences direct learners
to engage, create and propose alternative explanations
and engage with and interpret model-based outputs,
and as such, align with constructive and interactive
learning. In this respect, the emphasis is on learners’
effort, and the strategies they employ during learning,
to deepen their understanding.

3.3 Self-Regulation and Al in the Classroom

The framework additionally incorporates self-
regulation. From an educational perspective, it will be
the judgment of learners to evaluate and interpret the
feedback, determine the adequacy of the feedback, and
adjust and course-correct their understanding in light
of the feedback. In the absence of adequate and
appropriate feedback, Learners are expected to and
may rely on the teacher for feedback. In this respect,
the artificial intelligence is in the background (AI) and
the teacher is in the front, and will be determining the
learning goals and requirements. Purposeful and
educational uses of generative Al requires human
oversight and a ‘responsible’ and ethical approach in
education (Miao & Holmes, 2023) which is the case
here.

3.4 Proposed Relationships and Study Hypotheses

According to the conceptual model, using
GenAl under teacher supervision clarifies concepts
due to the presentation of multiple examples and cases
and misconception-based prompts; and also,
cognitiveingly, requires learners to explain and
compare and ultimately modify their views on
concepts, and therefore, achieves the learning
objectives. Four hypotheses have been formulated to
analyze the conceptual model and are as follows:

H1: The intervention group is expected to
improve conceptual clarity more than the control
group;
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H2: The intervention group is expected to
improve cognitive engagement more than the control
group;

H3: The intervention group is expected to
achieve the learning objective more than the control
group;

H4: Post-test conceptual clarity and cognitive
engagement are expected to be positively related to
post-test academic achievement. It is important to
emphasize that the conceptual model does not
dissociate Al from the above description of the
instructional mechanism. The integration of the four
above-mentioned elements forms the basis of the
instructional mechanism.

4. Method
4.1 Research Design and Analytical Sample

The study employs a quantitative pre-test/post-
test control group design to represent an 8-week
teaching period for the study of life sciences. The
analytical sample comprises 140 students, of which 70
constituted the control group and 70 the intervention
group. The sample is replicable. It demonstrates how
a GenAl-based curriculum overseen by a teacher
clarifies various concepts in life sciences and provides
evidence for the statistical evaluation of the
curriculum. Since the sample involves human
participants, the author interprets the current study as
a methodological and scientific example, and other
researchers wishing to perform this work should
obtain ethical clearance and sign a voluntary consent
form.

4.2 Instructional Conditions

Both groups cover the same life science concepts
and undertake the same style of activities to stimulate
extended thinking. In the control, teacher-led
activities, the teacher creates teacher-led worksheets,
preparation questions and feedback. In the experiment,
the teacher uses GenAl to create teacher-led materials.
The scientist-in-residence reviews the materials
created by the AI to validate correctness and
appropriateness to the concepts, and to edit for clarity.
The focus is on student reasoning, and the A.I. is used
to facilitate and scaffold student thinking. Therefore,
the A.L is used to stimulate student thinking, and
students are required to identify, analyze and compare
ideas, and provide feedback in order to integrate and
improve upon ideas.

4.3 Measures

The effects of the intervention are assessed by 0
to 100 scales, based on the views of students’
conceptual clarity, their cognitive engagement and
what they learned. To assess students’ conceptual
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clarity, they are asked to explain how things work, find
logical errors and inconsistencies in arguments, and
integrate and interpret different forms of evidence (i.e.
text and/or Figures). Assessing students’ cognitive
engagement refers to the degree to which students are
focused while attempting to solve a problem, and
includes students’ awareness of the strategies they use
to solve a problem. Engagement is assessed using a
measure that has been validated and found to have an
alpha = .86. Assessing students’ learning refers to
students’ performance on life science objectives.
Therefore, the measurement serves to distinguish
students’ understanding and the manner in which they
interact cognitively with the learning resources.

4.4. Statistical Analysis

The analysis consists of four components. The
first component involves the computation of
descriptive statistics and the performance of
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independent samples tests to determine if the pre-test
scores of the two groups are equivalent. The second
component involves the analysis of the pre-post score
change of each group using paired samples tests. The
component also includes the performance of
independent samples tests to compare the gain scores
of the two groups using the Welch's correction. The
effect size is reported using Cohen’s d, and bias is
corrected using Hedges’ g. The mean gain is reported
with a 95% confidence interval. The third component
involves the use of the analysis of covariance
(ANCOVA) to control the effect of the pre-test on the
post-test score, and reports the effect size using partial
eta squared. The fourth component involves the use of
post-test questions to assess the level of understanding
of the concepts and the degree of cognitive
involvement. The involvement is measured using
multiple linear regressions and analyses of
correlations.

Table 1. Participant distribution

Condition n Instructional model
Control 70 Conventional life science instruction
Experimental 70 Teacher-supervised GenAl-assisted curriculum
Total 140 Pre-test-post-test analytical sample
5. Results 60.58 to 65.03 in conceptual clarity, from 58.24 to

Descriptive results show improvement in both
groups, with consistently larger gains in the
experimental condition. Before interpreting change,
baseline equivalence was assessed. There were no
statistically significant pre-test differences for
conceptual clarity, t = -0.33, p = .739; cognitive
engagement, t = -1.10, p = .275; or achievement, t = -
0.33, p = .745. Control students increased from M =

62.26 in engagement, and from 59.36 to 63.89 in
achievement. Experimental students increased from M
=60.12 t0 69.92, from 56.51 to 64.62, and from 58.87
to 69.36 on the same outcomes. Paired tests indicated
significant within-group improvement for all three
outcomes in both groups (all p < .001), but the
magnitude of improvement was substantially larger
under the teacher-supervised GenAl curriculum.

Table 2. Descriptive statistics for study outcomes

Group Outcome Pre M Pre SD Post M Post SD Gain M
Control Conceptual clarity 60.58 7.94 65.03 9.30 4.44
Control Cognitive engagement 58.24 9.49 62.26 12.21 4.03
Control Learning achievement 59.36 9.30 63.89 10.46 4.53
Experimental Conceptual clarity 60.12 8.47 69.92 9.34 9.80
Experimental Cognitive engagement 56.51 9.12 64.62 12.04 8.11
Experimental Learning achievement 58.87 8.40 69.36 10.34 10.49
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Table 3. Paired-samples tests within each group

Group Outcome t p Cohen d
Control Conceptual clarity 8.01 <.001 0.96
Control Cognitive engagement 5.59 <.001 0.67
Control Learning achievement 7.35 <.001 0.88
Experimental Conceptual clarity 19.74 <.001 2.36
Experimental Cognitive engagement 13.74 <.001 1.64
Experimental Learning achievement 18.90 <.001 2.26

Between-group gain comparisons were significant for
conceptual clarity, t = 7.19, p < .001, d = 1.22;
cognitive engagement, t =4.39, p <.001,d =0.74; and
learning achievement, t = 7.18, p < .001, d = 1.21.
Precision estimates reinforce the same pattern:
experimental-minus-control gain differences were
5.35 points for clarity (95% CI [3.88, 6.83]), 4.08 for
engagement (95% CI [2.24, 5.92]), and 5.96 for
achievement (95% CI [4.32, 7.60]). Bias-corrected
Hedges’ g values were 1.21, 0.74, and 1.21,
respectively. ANCOVA further showed a significant

group effect on post-test achievement after controlling
for pre-test achievement, F(1, 137) = 51.67, p <.001.
The adjusted experimental-group advantage was 5.97
points (95% CI [4.33, 7.62]), with partial eta squared
= .274. Post-test conceptual clarity correlated with
achievement at r = .600 and engagement correlated
with achievement at r = .488. In multiple regression,
clarity (B =.540, p <.001) and engagement (B =.268,
p < .001) jointly explained 43.8% of the variance in
post-test achievement, F(2, 137) = 53.45, p <.001.

Table 4. Between-group comparison of gain scores

Outcome Control gain | Experimental gain | t p Cohen d
Conceptual clarity 4.44 9.80 7.19 <.001 1.22
Cognitive engagement 4.03 8.11 4.39 <.001 0.74
Learning achievement 4.53 10.49 7.18 <.001 1.21

Table 4A. Additional statistical checks and precision estimates

Analysis Estimate 95% CI Test statistic p
Pre-test clarity -

difference -0.46 [-3.21,2.28] t=-0.33 739
P.re—test engagement 173 [4.84. 138] 110 s
difference

P.re—test achievement -0.49 (3,45, 2.47] 033 s
difference

Clarity gain B

difference 5.35 [3.88, 6.83] Hedges g = 1.21 < 001
Engagement gain _

difference 4.08 [2.24,5.92] Hedges g=0.74 <.001
Achievement  gain B

difference 5.96 [4.32,7.60] Hedges g=1.21 <.001
ANCOVA adjusted partial eta squared =

group effect 5.97 [4.33,7.62] 274 <.001
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Figure 1. Mean conceptual-clarity scores by group and measurement occasion.

- Cognitive engagement before and after instruction
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Figure 2. Mean cognitive-engagement scores by group and measurement occasion.

Learning achievement before and after instruction
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Figure 3. Mean learning-achievement scores by group and measurement occasion.
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Table 5. Pearson correlation matrix for post-test outcomes

Variable Clarity Engagement Achievement
Conceptual clarity 1.000 0.383 0.600
Cognitive engagement 0.383 1.000 0.488
Learning achievement 0.600 0.488 1.000

Table 6. Multiple regression predicting post-test learning achievement

Predictor B SE t p

Intercept 13.211 5.221 2.53 0.013
Post-test conceptual clarity 0.540 0.077 6.98 <.001
Post-test cognitive engagement 0.268 0.061 4.38 <.001

Model summary: R? = 0.438, adjusted R? = 0.430, F(2, 137) = 53.45, p <.001.
Association between cognitive engagement and achievement
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o
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o
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Post-test cognitive engagement

Figure 4. Relationship between cognitive engagement and learning achievement at post-test.

6. Discussion

6.1 Interpretation of the Learning Effects

The data show consistent trends when analyzed
in different ways. As expected, learners in both groups
showed improvement. However, the experimental
group improved by 5.35 units in conceptual clarity and
5.96 units in achievement. For all three cases, the
confidence intervals were less than zero, which
indicates that the improvements in the experimental
group were not due to random variables. The results of
the ANCOVA indicate that the advantages by the
experimental group were not due to chance or random
variables. A partial eta squared of .274 indicates that
the group differences accounted for 27.4% of the
variance in the post-test scores.

ijaicn.com

6.2 The Importance of Conceptual Clarity and
Engagement

There was a positive and significant correlation
between the post-test scores and both clarity and
engagement. Regarding the post-test scores and
engagement, the regression analysis indicated that a 1-
unit increase in engagement would lead to a 0.268 unit
improvement in the post-test scores. Regarding the
post-test scores and clarity, the regression analysis
indicated that a 1-unit increase in clarity would lead to
a 0.540 unit improvement in the post-test scores.
These results indicate that for students to achieve a
deep understanding of a particular concept in Biology,
it is not enough for students to be actively engaged;
rather, students need to clarify and articulate the
biological concepts. Activities are considered
productivity-oriented if students develop a deep
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understanding of the biological concepts and engage
in reasoning and analyzing rather than if students are
presented the answer to the concept.

6.3 Relationship to Recent GenAl Evidence

The results broadly correspond to recently
published systematic reviews and meta-analyses on
GenAl-based learning (Chen & Cheung, 2025; Deng
et al., 2025; Han et al., 2025; Liu et al., 2025),
reporting average positive effects of GenAl and
outlining instances of variability. The current research
clarifies variability. It is pedagogically less demanding
to develop learning activities that integrate the analysis
and synthesis of Al output in contrast to activities that
require an instructor to analyze student
misconceptions. Therefore, in the case of the current
research, the intervention ought to be interpreted as
teacher-led, GenAl-supported instructional activities
rather than teacher absence.

6.4 In structural Boundary and Diagnostic Use

GenAl tends to amplify undesirable learning. For
instance, an incorrect but comprehensive and fluent
explanation may lead students to misinterpret and
affirm a wrong answer. Likewise, an overreliance on
GenAl for answer generation may lead students to
refrain from developing and processing their own
ideas. There are cases, however, in which it may be
constructive for a teacher to use GenAl to generate
potential distractor answers. In such cases, analysis of
student editing and/or justification may help inform
teacher planning. In particular, in the case of the
learning of life science concepts, students may
generate memorized definitions to incorrect answers
concerning mechanism and/or cause, thus reinforcing
misconceptions.

The study points to the design of curriculum and
instruction as an area in which teaching expertise is
likely to be of greater value than that of Al. Suggested
improvements to educational resources and teaching
strategies by GenAl focus on these three areas: the
pace at which activities can be changed, the extent to
which activities can be individualized, and the
timeliness with which feedback is provided. The
teaching professional retains authority over judgment
and ethics, from strategic placement to final evaluation
of the student’s cognitive activity. Transparency and
ethics are essential to the teaching professional’s
control over the student’s activity and its final
interpretation. The use of an Al language model does
not negatively affect a student’s engagement or
achievement; however, a strong automated
instructional system is inadequate to explain the
improvement in student achievement.
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The model provides a general structure for its
implementation. According to the structure, teachers
first identify some of the concepts in their classroom
that might result in student misconceptions and/or
conceptual overload. Teachers then define the
cognitive verbs for each of these concepts. Teachers
then enlist the help of a large language model to
generate case studies, teaching case, multiple choice
questions and answers, and/or multiple choice item
and/or hints. A large language model is also able to
generate other resources. Once the teacher has the
resources, he/she/they determines if the resources have
any bias. The teacher also evaluates if the resources
are at the student’s reading level. The teacher also
assesses if the resources are correct. Teachers then
make the resources available to students. The teachers
use scaffolding to have students work with the
resources to accomplish a given task. Students respond
to the resources using strategies such as comparing
their responses to that of their peers, and explaining
their responses to a prompt. In the interpretation of
students’ responses to the teaching resources, the Al is
integrated to evaluate the students. However, the
teachers make the final assessment as to the
correctness of the students’ responses. In addition,
teachers evaluate the responses to identify the
student’s gaps and incorrect assumptions, and adapt
the teaching resources accordingly.

One example is the GenAl model’s response to
the question “How many ways can you describe the
proton gradient?” The model provided multiple
responses; however, some may be incorrect. Students
must analyze all descriptions provided by the model
and determine which description is incorrect. Students
then construct a mitochondrion, generate evidence,
and ask the GenAl model to provide an analogy.
Students assess the model’s analogy and decide if it is
appropriate. The teacher and other students analyze
the student’s work, and determine the correctness of
the student’s work and the student’s understanding of
the process. The teacher set the learning goals and
determines the level of achievement for those goals.
The GenAl model served as the scribe. The curriculum
designer and assessment alignments were determined
by the teacher. (Miao & Holmes, 2023)

For this type of technology to be integrated in
education, considerable effort must be invested to
specify a repeatable and efficient workflow. Formative
assessments must be integrated to refine the next set of
instructional resources and personalize instruction.
Science and other subject areas that require a
considerable body of verified and accurate knowledge
must retain a verified resource. The generation and
evaluation of knowledge must be aligned to cognitive
goals.
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Table 7. Nine-stage implementation workflow

Stage | Action

Operational focus

1 Define learning outcomes | Specify observable life science knowledge and practices.
Diagnose difficult . . . ..

2 Use prior errors, misconceptions, and prerequisite gaps.
concepts

3 Generate draft resources | Create explanations, cases, questions, and feedback.

4 Teacher verification Check scientific accuracy, bias, reading level, and alignment.
Guided student . . . .

5 . . Require explanation, comparison, and evidence use.
interaction

Formative assessment

Use low-stakes quizzes with immediate feedback.

Adaptive revision

Target practice to error patterns and learning needs.

Evaluate outcomes

Analyze clarity, engagement, and achievement.

O | 0 [ | D

Refine curriculum

Revise prompts, resources, and assessment from evidence.

8. Limitations and Future Research

The main shortcoming is that the author created
a dataset to demonstrate how GenAl in curriculum
design would work, rather than analyze a real-world
example. As such, the author has shown how GenAl
in curriculum design can be evaluated, but has not
shown what the impact of this design would be on a
given population. In the created dataset, GenAl in
curriculum design showed positive effects. Whether or
not Positive GenAl in curriculum design effects would
exist in schools and wuniversities, for various
disciplines and student groups, is unknown.

Another shortcoming is the lack of depth in
concept coverage. In the created dataset, GenAl in
curriculum design showed positive effects on various
student groups. However, in the “real world,” various
influences, including the teacher, other students, and
the school, can affect a student’s academic
achievement. It is likely that student achievement is
affected by various school and classroom
circumstances that were not measured in the study. It
would be useful for future studies to evaluate the
effects of GenAl in curriculum design using a
multilevel or repeated measures model. It would also
be useful to measure the impacts of GenAl in
curriculum design over a delayed time period to
measure the effectiveness of the teaching in promoting
student understanding.

Further studies should test the framework in
actual contexts of teaching science through large-scale
research studies. These studies should include waitlist
conditions, control conditions with equivalent
treatment depth, and make interventions materials
preregistered. Other researchers should explore the
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potential of this framework across the variations in the
field of education including the educator’s experience
and level, the student’s academic ability and first
language, and the conceptualized complexity of the
learning targets.

This research provides a framework to design
curriculum and teaching interventions with certain
limitations. One of the key limitations is the need for
teacher  supervision  when  designing  such
interventions. The strongest argument this research
makes is a methodological one. From a pedagogical
standpoint, this research provides a framework to
teach and evaluate student’s conceptual clarity by
embedding teaching activities that encourage student
engagement in explanation, comparison, justification
and editing of their own and peer’s work. Such
activities should be designed and implemented with
Al-generated teaching materials.
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