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Abstract

Generative Artificial Intelligence (GenAl) has emerged as a transformative tool in education, offering scalable, individualized learning
experiences. However, there is a notable lack of theoretically informed and methodologically rigorous research on how GenAl can
effectively augment learning. This study addresses this gap by investigating the potential of a theoretically informed GenAl chatbot,
ChatTutor, to facilitate generative sense-making, leveraging principles from generative learning theory. The study had two primary
goals: first, to build on theory to propose how GenAl could be used to support generative sense-making; and second, to empirically test
its impact on conceptual knowledge, self-efficacy, and trust immediately after the intervention, as well as on conceptual knowledge,
enjoyment, and behavioral intentions in a follow-up test four weeks later. Conducted in an authentic university course, the pre-
registered experiment with 175 students compared ChatTutor to a generic GenAl system (ChatGPT) and a teaching-as-usual condition.
Results show that ChatTutor significantly enhanced trust, enjoyment, and behavioral intentions but not self-efficacy. While ChatTutor
improved conceptual knowledge over ChatGPT immediately after the intervention, it did not outperform teaching-as-usual. Four weeks
later, ChatTutor significantly outperformed teaching-as-usual but not ChatGPT in conceptual knowledge. The manuscript underscores
the importance of integrating human-centered design and educational psychology theories into GenAl applications to optimize learning
outcomes and proposes future research and practical implications.

Introduction

Generative Artificial Intelligence (GenAl) has received increasing public interest and research (Kasneci et al., 2023; Lorenz et al., 2023;
Yan et al., 2024). The widespread use of GenAl has surged with the release of publicly available large language models such as BERT
(Devlin et al., 2019), Llama (Touvron et al., 2023), OpenAl (Helmore, 2023), Claude (Anthopic, 2024), and GPT-4 (Edwards, 2023).
These models generate text, images, audio, and structured synthetic data through user-friendly interfaces, while also producing human-
like responses (Cuéllar et al., 2024; Schramowski et al., 2022). Compared to predictive Al, which can be used for predicting labels or
values, GenAl is designed to create new content or ideas and express them in real-time conversations (Qadir, 2023). GenAl has taken
society by storm, in the history of the internet, no consumer app has grown faster than OpenAl's ChatGPT (Chow, 2023). The
experience of asking a Chatbot anything and receiving a coherent, face valid answer has been described by users as "mind-blowing",
"impressive", and "amazing" (Taecharungroj, 2023). This has led many to anticipate that this technology will inevitably revolutionize
society, reshaping the ways we work, live, and learn (Lorenz et al., 2023). In education this could change how teachers teach, how
learners learn and are assessed, and how education is administered (Chiu et al., 2023). However, emerging technologies typically
progress through different levels of hype, and initial expectations are often exaggerated due to media coverage (Fenn & Blosch, 2020).
While it can be argued that some emerging technologies such as computers have eventually had a significant influence on education,
these changes are usually slower than initially expected and may be detrimental to the learning process (Chandler, 2009). In general,
the digitalization of society results in challenges and opportunities for learning and education (Fischer et al., 2020; Yan et al., 2024).

A common challenge with the introduction of novel technology is that it is often implemented and examined from a technocentric
perspective, without incorporating extensive research and theory from educational psychology and the science of learning (Chandler
2009; Brennan, 2015; Yan et al., 2024). In this study, we argue that it is important to look beyond the "wow" factor of GenAl in
education and adopt a learner-centered approach to investigating how the technology can enhance rather than distract from learning.
Here, we agree with the perspective that psychological theory is central to understanding how GenAl can be used in this endeavor (e.g.
Molenaar, 2022; Yan et al., 2024). Specifically, we use generative learning theory (Fiorella, 2023; Fiorella & Mayer, 2016) to design a
GenAl educational application that supports human-AI collaboration in promoting generative processing. Generative learning activities
(GLAs) are learner-driven actions that foster the active construction of knowledge as they prime key cognitive processes such as
selecting, organizing, and integrating knowledge (Fiorella & Mayer, 2015, 2022; Mayer, 1996; Wittrock & Farley, 2010). By aligning
GLAs with the capabilities of GenAl, we explore how integrating human and machine intelligence can enhance learning outcomes,
augmenting rather than replacing human abilities (Molenaar, 2022). That is, we adopt an augmentation perspective, viewing Al not as a
simulation of human intelligence but as a distinct form of intelligence that complements our own, serving as a tool to potentially
enhance human capabilities and help us function better as humans (Molenaar, 2022). Combining human and AI capabilities through
hybrid intelligence has been proposed as a key to advancing the learning sciences in an Al era (Jarvela et al., 2023). But systematic
research that builds on examining this integration is scarce (Hennessy et al., 2024; Roschelle et al., 2020). Ideally, hybrid intelligence
systems should optimize human strengths while compensating for their weaknesses.

In a world where knowledge is abundant and easily accessible, the focus of education could shift from imparting knowledge to
nurturing students' ability to ask meaningful questions and critically evaluate information. A meta-analysis on the effect of inducing self-
explanation found that having learners generate an explanation is often more effective than presenting them with an explanation (Birsa
et al., 2018). Its impact was greatest when learners used new information to revise their explanations. However, while instructor-
scripted self-explanation prompts work well for standardized content, they are impractical for highly personalized learning, and the
authors recommend investigating computer-generated, content-specific prompts. GenAl makes this possible at scale, and in this study
we investigate its potential to foster higher-order cognitive processes, such as conceptual understanding (Anderson & Krathwohl,
2001), while also promoting self-efficacy (Bandura, 1977), trust (Gulati et al., 2019), enjoyment (Davis et al., 1992; Huang & Zou,
2024), and behavioral intentions (Lee & Choi, 2017).
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Methodological rigor has been recently highlighted as a serious challenge to the research investigating GenAl in education (Yan et al.,
2024). A criticism is that the majority of research on GenAl in education is conceptual, focusing on literature reviews, analyses of public
discourse, or surveys of people's perceptions (Hennessy et al., 2024, p. 6). Emerging evidence also suggests that the impact on learning
and engagement presents a complex picture, such as instances where GenAl may have a positive initial impact on learning outcomes,
however, it can act as a crutch and the removal of GenAl may ultimately hinder learning (Darvishi et al., 2024; Nie et al., 2024). This
has prompted calls for more experimental research in authentic educational settings, grounded in robust theoretical frameworks, as
well as for longitudinal studies to evaluate GenAl's long-term benefits to human learning by comparing its effectiveness with
conventional methods (e.g. Hennessy et al., 2024; Yan et al., 2024). Furthermore, for GenAl to enhance rather than detract from
learning, collaboration among researchers, practitioners, GenAl developers, policymakers, and educators is crucial to ensure its
effective and responsible integration into teaching, aligning with educational goals (Yan et al., 2024).

The first goal of this paper is to use theories from educational psychology and technology-enhanced learning to provide an
understanding of how GenAl can effectively be incorporated into a lesson. While many theories could be used as an approach for using
GenAl in education, in this article we focus on generative learning theory (Fiorella, 2023; Fiorella & Mayer, 2016). The second goal of
the paper is to empirically test if the use of GenAl in education implemented to facilitate generative learning can increase conceptual
knowledge, self-efficacy and trust immediately after a lesson, as well as conceptual knowledge, enjoyment and behavior intentions in a
follow-up test four weeks later. In an experiment conducted in an authentic university setting, we compare the use of a theoretically
informed GenAl application with a standard GenAl application and a teaching-as-usual condition. Prior to describing this experiment in
more detail, we begin with the first objective and provide a theoretical overview of how GenAl can be used to facilitate generative
learning.

Theoretical Background

Generative Learning

Generative learning involves "making sense" of learning material by actively organizing and integrating it with existing knowledge
(Wittrock, 1989). According to Fiorella (2023, p. 2) "a generative learning activity (GLA) is something a learner does to try to make
sense of what they are learning”. There is evidence that learners do not spontaneously engage in sense-making when learning from text
(e.g. Fiorella & Mayer, 2017), visualizations (e.g. Makransky & Petersen, 2021) or examples (Renkl, 1997). Prompting learners to
engage in GLAs is therefore a potential remedy for achieving meaningful and durable learning outcomes (Fiorella, 2023). Fiorella and
Mayer (2015, 2016) identified eight generative learning strategies (GLS) including: summarizing, mapping, drawing, imagining, self-
testing, self-explaining, teaching, and enacting. Reviews and meta-analyses generally show that GLS support learning but each is
susceptible to potential boundary conditions related to learner characteristics, learning materials, and support levels (Bisra et al., 2018;
Brod, 2021; Dargue et al., 2019; Fiorella & Zhang, 2018; Lachner et al., 2021). That is, some learners need extensive guidance (Fiorella
& Zhang, 2018), and in this study we investigate if GenAl can be used to provide personalized guidance that can improve educational
outcomes.

In the current study we are specifically interested in the verbalizing generative learning activities of teaching which incorporates
elements of self-explaining. Generating explanations during learning can activate prior knowledge, integrate new information, enhance
memory, and encourage reasoning by prompting students to make inferences and revise mental models (Brod, 2021). A recent meta-
analysis (Bisra et al., 2018) found a mean effect size of 0.55 SDs for self-explanation, comparing conditions with and without self-
explanation prompts. When considering only studies in which time on task was equated, the effect size was still 0.41 SDs. Generating
explanations during learning can be done through self-explanation, which involves generating verbal statements (involving inferences)
to clarify the meaning of the learning material to oneself (Fiorella & Mayer, 2022, p. 341). Fiorella and Mayer's (2015) review found
positive effects of self-explaining in 44 of 54 experiments, with a median effect size of 0.61.

Self-explaining through teaching involves generating verbal statements (involving inferences) to convey the meaning of the learning
material to others (Fiorella & Mayer, 2022, p. 341). Fiorella and Mayer's (2015) review reported positive effects of learning by teaching
in 17 of 19 experiments, with a median effect size of d =.71. A meta-analysis by Kobayashi (2019) found stronger effects for students
who actually taught (g =.56) compared to those who only prepared to teach (g=.35). Explaining to others adds social elements,
including a sense of presence and opportunities for interaction, for instance by answering questions.

Evidence suggests that explaining is most effective when done aloud, without access to learning materials, when students possess
background knowledge, and when they respond to thought-provoking questions (Fiorella & Mayer, 2022). Supporting factors include
scaffolded peer interactions (King, Staffieri, & Adelgais, 1998), focused prompts (Berthold, Eysink, & Renkl, 2009), and explicit training
(McNamara, 2004). However, most of this research has been conducted without the ability to provide adaptive specific feedback that is
now possible with GenAl. In this study, we investigate the GSL of teaching, building on broader research in self-explanation, generative
learning, Al-based education (AIEd), among other related fields.

How can the use of Theoretically Informed GenAl Increase Generative Sense-Making?
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It is possible for instructors to use GLA products as formative assessment and adapt instruction and guidance as necessary (van de Pol
et al., 2020). For instance, when learners' GLA products show knowledge gaps or misconceptions, instructors can give targeted
feedback to aid their internal sense making, improve the GLA products, and enhance learning outcomes (Fiorella, 2023). The challenge
is that assessing knowledge gaps and misconceptions and then providing targeted feedback is time consuming and difficult in most
educational settings. The question that we attempt to investigate in this study is if a GenAl Chatbot can be used as a tool to scaffold
learning by providing personalized feedback to stimulate and support generative learning activities.

According to a taxonomy developed by Holmes and Tuomi (2022), AIEd applications can be classified into those that are student-
focused, teacher-focused, or institution-focused. This study exclusively deals with student-focused AIEd applications that are leveraged
to support student learning. Holmes & Tuomi (2022) also distinguish between Al-tools designed for students and those that are used by
students. In this study we compare a theoretically informed GenAl-tool designed for students (ChatTutor) and a GenAl-tool used by
students (ChatGPT) to a teaching-as-usual condition. ChatTutor builds on generative learning theory, and technology enhanced learning
evidence and theory (e.g., Fiorella, 2023; Fiorella & Mayer, 2022; Mayer, 2014). Figure 1 depicts a framework for the development of a
student-focused GenAl educational application where interaction is initiated by a) the learner, b) the AIEd system, and c) the instructor.
In this study both ChatTutor and ChatGPT allow for interaction initiated by the learner. However, building on the research from
generative learning (Fiorella, 2023; Fiorella & Mayer, 2016), we have furthermore designed ChatTutor to prompt students to engage in
GLA and provide formative feedback. Effective guidance involves adapting learning materials and GLA support to learner's knowledge
and beliefs, thereby enhancing their internal sense making and external products (Fiorella, 2023). We suggest that GenAl based
learning systems such as ChatTutor can use the quality of these products as formative assessments to inform further adjustments of
learning materials and GLA support. This is the case because in addition to providing responses to prompts that are initiated by the
learner, learners who do not automatically initiate sense-making can systematically be prompted to do so by the GenAl system. We will
use existing literature related to GLS to propose how this can be done in the following sections.

Using a Theoretically Informed GenAlI Chatbot for Prompting and Guiding GLA.

There is evidence that for novices, complete discovery without guidance is ineffective; and some level of scaffolding is necessary
(Mayer, 2004; Pedaste et al., 2015). Therefor for student-centered learning to be effective, guided discovery is essential. Ideally, this
guidance must be personalized, which can be facilitated through technological advances (De Jong, 2006). GenAl systems can provide
valuable feedback, and the focus should include the knowledge students possess as well as the questions they ask (Berlyne, 2006;
Dillenbourg, 1999). The challenge is to support students in asking the right questions, finding accurate answers, and critically analyzing
the information they receive to further investigate and understand the knowledge (Hmelo-Silver et al., 2007). Many guided learning
principles including problem-based learning and inquiry learning, extensively use scaffolding to reduce cognitive load, enabling
students to learn in complex domains (Hmelo-Silver et al., 2007). Fiorella (2023) suggests that GLA support can be categorized into
three broad levels: explicit instruction, scaffolded practice, and independent practice which align with research on GLAs (Fiorella &
Zhang, 2018; McNamara, 2017) and cognitive load theory (Sweller et al., 2019), progressing from worked examples to partial problems
to problem-solving practice.

Explicit instruction includes explanations and demonstrations on selecting and performing GLAs. Explicit prompts help learners to
generate internal self-explanations (Fiorella, 2023). The literature on worked examples suggests that this is necessary because learners
often struggle to detect errors (Van Meter, 2001). They may need support in generating internal feedback (e.g., self-explaining why
their response was inaccurate) and revising their knowledge (Zhang & Fiorella, 2023). Wittwer and Renkl (2010) describe how effective
instruction involves a balanced combination of providing support, such as worked solution steps, and encouraging learner activity, like
self-explanation prompts. An experienced instructor can provide this balance by encouraging learners to engage in a GLA such as self-
explaining, or teaching, and then help them detect gaps in their knowledge thereby stimulating further inquiry. This requires the ability
to engage learners in generative processing, and the knowledge to recognize and highlight gaps in a way that motivates students to
engage in further information seeking (Murayama, 2022). A GenAl chatbot can be programmed to provide specific self-explanation
prompts, trained using a targeted knowledge bank, and interact with learners as a knowledgeable teacher, an overconfident peer, or a
curious collaborator.

Once learners become more familiar with the course content then GenAlI based chatbots can progress to scaffolded practice activities.
Scaffolded practice includes providing specific prompts or hints (Berthold & Renkl, 2009; Roelle & Berthold, 2017) or partial
representations for learners to complete (Fiorella et al., 2021; Ponce et al., 2020; Schwamborn et al., 2010). Learners can benefit from
scaffolded prompts where they fill in key components of an explanation rather than generating the entire explanation themselves (Bai et
al., 2022). Self-explaining is more effective when learners receive focused prompts targeting specific relationships or principles rather
than open or generic prompts (Berthold & Renkl, 2009). Scaffolded practice is most effective when followed by appropriate feedback,
which helps learners evaluate and correct their performance (Johnson & Marrafano, 2022). In the current study we build on this
literature by using GenAl to prompt students to engage in the generative activities of teaching. More specifically, students are given
prompts that ask them to explain key components or explanations. The ChatTutor chatbot engages students in personalized written
conversations based on the course slides and texts, and responds to address the specific answers provided by students and correcting
any misconceptions or gaps in knowledge. Students are gradually provided with more information, scaffolding their understanding until
they can offer a suitable explanation. This approach simulates a student-tutor interaction, where the tutor encourages generative
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learning by prompting students to explain specific content, intervening only when misconceptions are evident or when students request
help.

Finally, independent practice involves repeated opportunities to use GLAs in specific learning contexts. This practice is crucial for
learners to use GLAs spontaneously (Manalo et al., 2017) but is not investigated in this study.

It is important to note that we are not proposing that GenAl is necessary or in its current technological iteration optimal for progressing
from explicit instruction through scaffolded practice and ultimately to independent practice, however, we do propose that GenAl can be
used to scale this process when resources to formatively assess students and provide personalized support is not possible. In the
following section we describe how a theoretically informed GenAlI chatbot can be used to mitigate some of the documented barriers to
GLS.

How can a Theoretically Informed GenAl Chatbot Mitigate Known Barriers of GLS?

Fiorella (2023) describes different cognitive, metacognitive and motivational barriers to sense making. Below we describe how a GenAl
chatbot could attempt to mitigate these barriers thereby increasing sense-making and ultimately learning and motivational outcomes.

Cognitive Barriers: One cognitive barrier to engaging in effective GLS is insufficient background knowledge or available memory
capacity to engage in GLAs effectively (Castro-Alonso et al., 2021). Learners need sufficient background knowledge to generate the
necessary inferences for sense-making (Simonsmeier et al., 2022; Willingham, 2008). Without it, learning materials won't be effective,
regardless of the GLA used. With GenAl, students can ask a personalized chatbot particular questions thereby gaining specific
knowledge. In ChatTutor this is implemented by linking directly to the texts and slides from the course., or by asking the LLM to
provide simpler alternative explanations such as summaries or explanations. This is relevant because lower-knowledge students often
benefit more from GLAs than higher-knowledge students (Fiorella & Mayer, 2015). This is because higher-knowledge learners are more
likely to engage in sense-making spontaneously (Lombrozo, 2006).

Metacognitive Barriers: Metacognitive barriers include a lack of strategic knowledge about what GLAs are, how to choose the right
ones, and how to use them effectively. Many learners do not use GLAs spontaneously when studying texts (Fiorella & Mayer, 2017),
visualizations (Renkl & Scheiter, 2017), worked examples (Chi et al., 1989; Renkl, 1997), solving problems (Rellensmann et al., 2022),
discussing material with peers (Roscoe & Chi, 2007), or writing essays (Bereiter & Scardamalia, 2013). GenAlI could provide explicit
instructional support to assist learners to engage in GLAs. Specific prompting and scaffolding have been shown to be more effective
compared to generic prompts in explaining, visualizing, or enacting concepts (Berthold & Renkl, 2009; Schmeck et al., 2014).
Moreover, the quality of what learners generate during learning typically predicts their performance on later comprehension and
transfer tests (Chi et al., 1989; Fiorella & Kuhlmann, 2020; Goldin-Meadow et al., 2009; Renkl, 1997; Schwamborn et al., 2010).

Motivational barriers: Motivational barriers include beliefs about one’s ability to use GLAs successfully, the perceived value of GLAs for
achieving one’s goals, or the perceived cost of GLAs (e.g., (Schukajlow et al., 2022). GenAlI could increase self-efficacy by providing
individualized mastery experiences (Bandura, 2001). A GenAI Chatbot can be seen as a more knowledgeable companion, providing
positive feedback and enhancing learning by targeting the learner's zone of proximal development (Vygotsky, 1978).

Can a Theoretically Informed GenAI Chatbot influence other outcomes?

In addition to cognitive learning outcomes and self-efficacy, there are other important outcome variables that can ultimately impact the
use of GenAl for learning. In this study we selected three: trust, enjoyment, and behavioral intentions.

The adoption of GenAl in educational contexts brings forth several ethical challenges, such as transparency, privacy, equality, and
beneficence (Khosravi et al., 2022). While all of these factors are relevant, building a GenAl chatbot that takes a learner-centered
approach to interaction and builds on the curriculum in a course may specifically be relevant for transparency. A recent systematic
review by Yan et al. (2023) found that most GenAlI tools (92%) currently employed to support learning are comprehensible only to Al
experts. Educators, students, and other key stakeholders often lack the necessary insight into how these tools function. The authors
highlight that the transparency gap largely stems from the limited integration of human-in-the-loop approaches in prior research. For
instance, educators and students have seldom been actively involved in the design and evaluation of GenAl-based educational
technologies. This shortfall highlights the urgent need for learner-centered Al, emphasizing the importance of engaging all stakeholders
in the development process to ensure GenAl tools are both effective and meaningful in real-world educational settings. In this study we
engage instructors, researchers, learners, and a GenAl development start-up in developing the ChatTutor system, and assess students’
trust (Gulati et al., 2019) in using the system in our experiment.

It can also be useful to measure the enjoyment of using Al technology in education because enjoyment is a powerful motivational factor
that directly impacts learners' engagement and long-term adoption of these tools (Huang & Zou, 2024). According to the Control-Value
Theory of Achievement Emotions, enjoyment plays a critical role in fostering intrinsic motivation and engagement by enhancing
learners' perceptions of control over their learning and the value they assign to educational tasks (Pekrun, 2006). This positive
emotional experience can reinforce satisfaction with the learning process and increase the intention to continue using Al-enhanced
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educational platforms (Venkatesh & Bala, 2008), leading to sustained engagement and ultimately more widespread adoption (Dai et al.,
2024). We therefore measure trust, enjoyment, and behavioral intentions in this study.

Current study

In the current study we address some of the gaps in the literature by designing a GenAl application building on a learner-centered
theory of learning and instruction. Our main research question (RQ 1) is: What are the effects of using a theoretically informed GenAl
chatbot (ChatTutor) to stimulate generative sense making on learning outcomes? We pre-registered two main hypotheses regarding this
research question:

» Hypothesis 1 (H1): Learners in the theoretically informed GenAlI condition (ChatTutor) will achieve higher scores on a conceptual
knowledge test immediately after the lesson when compared to learners in the teaching-as-usual (H1la) and ChatGPT-4 (H1b)
conditions.

» Hypothesis 2 (H2): Learners in the theoretically informed GenAl condition (ChatTutor) will achieve higher scores on a conceptual
knowledge test administered four weeks after the lesson when compared to learners in the teaching-as-usual (H2a) and ChatGPT-4
(H2b) conditions.

Our secondary research question (RQ 2) is: Does the use of a theoretically informed GenAl chatbot (ChatTutor) lead to higher (1) self-
efficacy compared to the teaching-as-usual condition and the ChatGPT condition, and more (2) trust, (3) enjoyment, and (4) intentions
to use the technology in the future compared to the ChatGPT condition?

Methods
Study design

The study adopted a between-subject design consisting of one control group and two distinct GenAl conditions: ChatGPT and
ChatTutor. The design, hypotheses, data collection, and analysis plan for this study were pre-registered on AsPredicted in September
2024, prior to the commencement of data collection. The anonymized preregistration is available at: https://aspredicted.org/w5mk-
4vx4.pdf. The study was conducted at a large European University. Based on the self-assessment, the department’s local ethical board
accepted the research project.

Procedure

The project was initiated by psychology university instructors who were interested in investigating if GenAl could improve conceptual
knowledge retention, self-efficacy, trust, enjoyment, and behavioral intentions in a cognitive psychology university course on the topic
of Sternberg’s serial memory scanning experiment (Sternberg, 1966, 1969) which is a challenging topic for most students. The
cognitive psychology course consists of a weekly lecture with over 240 psychology students, followed by both a seminar and an exercise
class. At the beginning of the semester, students were randomly assigned to one of seven cognitive psychology classes with
approximately 35 students in each. In accordance with local study board regulations, attendance in the lecture or the classes was not
mandatory.

The experiment took place in the first week of October, 2024, when the topic in the course was short-term memory and working
memory. The follow-up took place as the first part of the lesson four weeks later. The Sternberg task was first introduced at the end of
the seminar classes. In the following exercise class, students received a more in-depth overview and performed the task themselves.
The exercise class consisted of three 45 minute blocks with 15 minute breaks between. The first block started with a wrap-up of the
previous week, followed by a more in-depth introduction into the short-term memory task. In the second teaching block students took
part in the Sternberg experiment themselves. After running the experiment, the students analyzed their logfile created at the end of the
experiment, this task was otherwise unrelated to the current study. The third block started with a 20-minute power-point presentation
by the instructor which was standardized across the different classes. This was followed by a 15 minute follow-up activity which was the
focus of the experiment. In this between-subjects pre-registered experiment, two exercise classes were assigned to using the
theoretically informed GenAl system (ChatTutor), two classes were assigned to the standard ChatGPT-4 (standard GenAlI) condition
which had the same interface as the ChatTutor condition, and the remaining three classes were assigned to the teaching-as-usual
condition. Therefore, the difference between the groups was isolated to the generative learning activity which took approximately 15
minutes (see Fig. 2). The final 10 minutes of the class consisted of a post-test including measures of conceptual knowledge, self-
efficacy, and trust in Al. Four weeks after the intervention students used 10 minutes at the beginning of the exercise class to take a
follow-up test that included another conceptual knowledge test as well as measures of enjoyment and behavioral intentions. Students
were informed by their instructors that the assessment was an effort to investigate how to improve the teaching methods used in the
course, but the students were not informed of the differences between instructor classes. At the end of the semester, students were
informed of the results of the experiment and students in all treatment conditions were given access to the ChatTutor system.
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Participants

A total of 175 university students who were enrolled in the cognitive psychology course and attended their exercise class, agreed to
participate in the study. Of these, 75 participants were in the teaching-as-usual condition, 49 were in the ChatGPT condition, and 51
were in the ChatTutor condition. The topic of the lesson was centered on the Sternberg Experiment. The experiment was integrated
into classes’ schedules and conducted during regular teaching hours. Participants provided their informed consent prior to the
commencement of the experiment. As outlined in the preregistration, data from participants who chose not to engage in the experiment
(< 5) were excluded. To our knowledge there were no additional students who opted not to use the Al program, and we did not exclude
any students due to technical issues while using the GenAl program. A total of 124 students who completed the initial test, also
completed the delayed follow-up test four weeks after the intervention. Among these, 54 participants belonged to the teaching-as-usual
condition, 32 to the ChatGPT condition, and 38 to the ChatTutor condition.

Conditions

The experiment was isolated to the follow up activity which lasted approximately 15 minutes. All students received the similar
instructions regarding the follow-up activity. Those in the teaching-as-usual-condition had 15 minutes to reflect over what they had
learned and could discuss this with their classmates and had the opportunity to ask their instructor any questions which they were in
doubt about regarding the topics that they had learned that day. The students in the ChatGPT condition had 15 minutes to reflect over
what they had learned and had the opportunity to ask the GenAl any questions which they were in doubt of regarding the topics that
they had learned that day. The students in the ChatTutor condition also had 15 minutes to engage in the ChatTutor system as described
above.

1. Teaching-as-usual: Students in this condition were able to engage with the material and discuss with their fellow-students and could
ask the instructor any relevant questions related to the material. Moreover, they were free to use any existing learning materials and
internet sources.

2. Generative Sense Making (ChatTutor) condition: Students in this condition got access to ChatTutor website, which was designed to
encourage generative processing as their learning tool. Students were encouraged to engage with the tool which actively prompted
students to partake in the generative learning activity of teaching with scaffolded feedback. The ChatTutor system allowed learners to
escalate a question to a human instructor if they encountered confusing or inaccurate information.

3. Standard GenAl (ChatGPT) condition: Students in this condition got access to a website interface that was identical to ChatTutor.
However, the system linked directly to ChatGPT-4. Students were encouraged to engage with the tool with the same general
instructions as in ChatTutor condition but the system responded based on the current technological capabilities of ChatGPT-4.
However, the system also allowed learners to escalate a question to a human instructor if they encountered confusing or inaccurate
information.

Measures

The complete list of items is included in the supplementary materials.

Conceptual Knowledge (post-test and follow-up): A test assessing participants' conceptual knowledge, with questions related to the
memory scanning experiment and Sternberg’s original hypotheses (Sternberg, 1969) was administered immediately after the
intervention/at the end of the lesson and again after four weeks. The test consisted of 10 multiple choice items, however, one was
removed from the analyses and not included in the follow-up test because it accidentally contained more than one correct answer,
resulting in a total of nine items. The test was designed to measure a broad range of topics covered with a focus on comprehension and
not factual knowledge. That is, we prioritized content validity by having a broad range of questions rather than focusing on a narrow
range of content which could have potentially increased internal reliability. The reliability coefficient for the nine-item conceptual
knowledge test was a =.55 in the post-test and a =.68 in the follow-up. The test-retest reliability was r=.41.

New Conceptual Knowledge items (follow-up): In addition to the nine items, four new conceptual knowledge items were administered in
the follow-up to ensure that we could measure conceptual knowledge while accounting for testing effect (that students would remember
the answers to the items because they had seen them before). The reliability coefficient for the new conceptual knowledge items was o
=.40.

Self-efficacy (post-test): We measured self-efficacy using three items adapted from (Pintrich et al., 1991): 1. “I'm confident I can
understand the concepts of serial and parallel memory search”; 2. “I'm confident I can understand the concepts of serial exhaustive
search and serial self-terminating search”; 3. “I'm confident I could explain the Sternberg memory search graphs to a friend”. The
reliability coefficient of the self-efficacy measure was o =.82.

Trust (post-test): We measured trust using four items adapted from Gulati et al. (2019): 1. “I feel I must be cautious when using
ChatTutor”; 2. “I believe that ChatTutor will act in my best interest”; 3: “I think that ChatTutor is competent and effective in providing
teaching assistance”; 4. “I can trust the information presented to me by ChatTutor”. The reliability coefficient of the trust measure was
o =.64.
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Enjoyment (follow-up): We measured enjoyment using three items adapted from Huang & Zou (2024), originally from (Davis et al.,
1992): 1) "I find it satisfying to use ChatTutor," 2) "I find it rewarding to use ChatTutor," and 3) "I find it pleasant to use ChatTutor."
The reliability coefficient for the enjoyment measure was o =.80.

Behavioral intentions (follow-up): We measured behavioral intentions with three items adapted from Lee and Choi (2017), originally
from Davis et al. (1992). 1. “I intend to use ChatTutor again”; 2. “In the future, I will use ChatTutor to support my learning processes”;
3. “I would recommend ChatTutor to others”. The reliability coefficient for behavioral intentions was o =.55.

All items in the self-efficacy, trust, enjoyment, and behavioral intentions were measured on a 5-point scale (Strongly disagree:1.
Disagree: 2. Neither agree nor disagree: 3. Agree: 4. Strongly agree: 5).

Data analysis and deviations from pre-registration

The analyses for the study were performed using SPSS Statistics (IBM Corp., 2023). We examined our hypotheses using independent
samples t-tests rather than ANOVA as the hypotheses were framed as pairwise comparisons and because trust, enjoyment and
behavioral intentions were only assessed in the two GenAl groups. A sensitivity power analysis using G*power (Faul et al., 2007)
indicated that with an a =.05, and power of .80 we could expect to find an effect size d = .45 for the difference between the ChatTutor
and teaching-as-usual conditions and an effect size of d =.50 between the ChatTutor and ChatGPT conditions. This value increased to d
=.53, and d = .60 respectively in the follow-up due to drop-out. Values below these levels should therefore be interpreted with caution.
Please note that we only pre-registered our measures of conceptual knowledge, self-efficacy, and trust, but did not pre-register the
measures of enjoyment or behavioral intentions, which were initially left out of the post-test due to time constraints but we were later
able to include them in the follow-up.

Results
The main results of the study can be seen in Table 1. The results are organized based on the research questions below.
Table 1: Means, standard deviations, sample sizes and significance levels for the outcome variables used in the study.

Results Related to the Main Research Question (RQ_1): The main research question in this study investigated the effects of using a
theoretically informed GenAl chatbot (ChatTutor) to stimulate generative sense making on learning outcomes immediately after the
intervention and in a delayed follow-up test four weeks after the intervention. The top row of Table 1 illustrates that the results partially
support Hypothesis 1. More specifically, the theoretically informed GenAI ChatTutor condition resulted in significantly higher
conceptual knowledge compared to the ChatGPT condition in the immediate post-test. However, while the ChatTutor condition mean
score was higher than the teaching-as-usual condition, this difference was not statistically significant in the immediate post-test.

The next row of Table 1 illustrates that the results also partially support Hypothesis 2.

The theoretically informed GenAlI ChatTutor condition resulted in significantly higher conceptual knowledge compared to the teaching-
as-usual condition in the follow-up test four weeks after the intervention. However, while the ChatTutor condition mean score was
higher than the standard ChatGPT condition, this difference was not statistically significant in the follow-up test. Because it was not
possible to limit the students from using the ChatTutor interface between the lesson and the follow-up test, we asked students to report
on a five-point scale how often they had used ChatTutor system since the lesson (1. Not at all; 2. Seldom; 3. Sometimes; 4. Often; 5.
Very often). All of the students in the ChatGPT condition reported not using it at all, and all but six students in the ChatTutor condition
reported not using it at all (four reported using it seldomly, and two reported using it sometimes). We re-ran all the analyses for the
follow-up test, discarding these students as a robustness check, and found that this did not change any of the findings.

Results Related to the Secondary Research Question (RQ 2): The second research question in this study was if a theoretically informed
GenAl chatbot (ChatTutor) leads to higher (1) self-efficacy compared to the teaching-as-usual condition and the ChatGPT condition, and
more (2) trust, (3) enjoyment, and (4) intentions to use the technology in the future compared to the ChatGPT condition. The results in
Table 1 illustrate that the ChatTutor group (M = 3.64) scored significantly higher than the ChatGPT group (M = 3.29) on trust ¢ =
2.955; p =.002. The ChatTutor group (M = 3.65) also scored significantly higher than the ChatGPT group (M = 2.99) on enjoyment ¢t =
3.304; p < .001. Furthermore, the ChatTutor group (M = 3.28) scored significantly higher than the ChatGPT group (M = 2.73) on
behavioral intentions ¢t = 2.188; p = .016. However, the ChatTutor group (M = 4.09) scored only marginally higher than the ChatGPT
group (M = 3.82) on self-efficacy ¢t = 1.661; p = .050. Finally, there were no significant differences on self-efficacy between the
ChatTutor and the teaching-as-usual conditions t = .167; p = .434.

Discussion

The first goal of this manuscript was to propose how GenAl could be used to support generative sense-making, providing a theoretical
account of a learner-centered approach to using GenAl in education. Adopting an augmentation perspective, we use generative sense
making research and theory to describe how GenAl can be used enhance lasting learning outcomes. More specifically, we propose how
GenAl can be used to prime generative processing through enhancing personalized feedback when using teaching as a generative
learning strategy. The second goal of this manuscript was to empirically investigate whether a theoretically informed GenAlI chatbot (in
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this case, ChatTutor) could facilitate generative learning in education. Specifically, we aimed to test its impact on conceptual
knowledge, self-efficacy, and trust immediately after a lesson, as well as its influence on conceptual knowledge, enjoyment, and
behavioral intentions in a follow-up test four weeks later.

Empirical Contributions

The results of our study indicated that using ChatTutor resulted in significantly higher trust, enjoyment, and intentions to use the
technology, and marginally higher self-efficacy compared to using ChatGPT. Here it is important to note that the students were
unaware of the different conditions, as they were blind to the study's design and all used the ChatTutor interface. The difference was
that the ChatTutor group obtained a theoretically informed GenAl learning intervention that builds on generative learning research and
theory. Regarding conceptual knowledge the results indicate that the ChatTutor condition outperformed the ChatGPT condition in the
immediate post-test but not in the delayed follow-up, and conversely the ChatTutor condition outperformed the teaching-as-usual
condition in the follow-up but not the immediate post-test. The results related to conceptual knowledge are therefore mixed.

Delving into the mixed results related to conceptual knowledge in more depth, it is important to note that the groups only had 15
minutes on the follow-up generative activity task. This should be seen in the context of the entire course where learners were exposed
to the topic of the Sternberg experiment through a seminar, lab activities and a specific lecture about the topic prior to the intervention.
Therefore, it is likely that many students gained fundamental knowledge prior to engaging in the follow-up activity. While it would have
been optimal to allow students more time to use ChatTutor we wanted to keep the amount of time across conditions constant as this has
been highlighted as an important methodological consideration in previous studies (Brod, 2021). Furthermore, it is a strength that the
study took place in an authentic learning setting where the value of GenAl for learning should ultimately be tested.

When delving into the literature on GLA there are some other factors to be aware of regarding our mixed results. Previous research on
teaching as a GLA suggests that oral explanations may be more effective than written ones, as they can evoke a sense of social
presence, leading to higher levels of arousal (Hoogerheide et al., 2019). A recent meta-analysis found a large positive effect of Al
chatbots on learning outcomes (Wu & Yu, 2024). The authors recommend that future designers and educators further enhance these
outcomes by incorporating human-like avatars, gamification elements, and emotional intelligence into AI chatbots. In this study we did
not attempt to increase feelings of social presence through any of these methods which provide avenues for future research.

Furthermore, there is evidence that the GLA of teaching is most effective when the learning material is not available (Koh et al., 2018).
This can be the case because it requires learners to retrieve information from long-term memory rather than relying on the lesson,
aiding in knowledge consolidation and future accessibility (e.g., Roediger & Karpicke, 2006). In the current study the material was
visually available for the students through the ChatTutor system. Therefore, it would have been possible to interact with ChatTutor by
finding relevant passages in the text and paraphrasing them in the chat-box. Previous research has found that only students who
generate an explanation exhibit improved understanding (Fiorella & Mayer, 2013; Hoogerheide et al., 2016). Therefore, future research
should investigate the availability of learning content when using GenAl for GLS.

Theoretical Implications

The leading theoretical paradigms guiding research on learning have evolved over the past 100 years, reflecting paradigm shifts from
response strengthening to information acquisition, knowledge construction, and knowledge co-construction (Mayer, 2012). Only time
will tell if we are on the brink of a paradigm shift to a human-computer co-construction of knowledge. While it is unquestionable that
existing educational psychology theory and research should guide and iteratively improve the development of GenAl-based learning
interventions, as argued in this manuscript, a fundamental question remains: if and how educational psychology research must adapt to
the new possibilities GenAl brings to education. The fundamental advantage of using GenAl lies in its ability to scale individualized
learning experiences through realistic, dynamic conversations tailored to learners' needs. This approach shifts the focus from static,
one-size-fits-all interventions to methods for delivering just-in-time support, aligning with advancements in learning analytics and self-
regulated learning research (Azevedo & Gasevi¢, 2019; Molenaar & Jarvela, 2014). In the context of generative sense-making, this
could involve optimizing real-time feedback to support the creation and refinement of generative learning products, thereby enhancing
engagement and understanding.

Practical Implications

One of the main challenges associated with the recent rapid advancements in GenAl is its disruptive impact. As formulated in Holmes et
al. (2019), p 3: “If you can search, or have an intelligent agent find, anything, why learn anything? What is truly worth learning?”
Hence, it is useful to discuss how GenAl-enhanced learning fits (or does not fit) with traditional views of learning outcomes and
processes. The goal of most education is for learners to be able to apply what they have learned in a relevant context. This is referred to
as meaningful learning or deep knowledge acquisition which is indicated by performance on transfer tests, which involves being able to
use the learned material in new situations (Mayer, 2024). Kasneci et. al. (2023) highlight some of the opportunities and challenges of
using GenAl in education. The opportunities include personalized learning experiences, and challenges include the need for critical
thinking and strategies for fact checking because GenAl agents have a tendency to hallucinate and provide inaccurate information. In a
society where knowledge is abundant and easily accessible through internet searches or conversations with GenAI chatbots, the goal of
education cannot be to simply impart knowledge but rather to engage students to ask the right questions and develop the critical
thinking skills needed to evaluate the information they receive. This would suggest the need to shift from remembering and focusing on
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higher order cognitive process dimensions such as understanding, applying, analyzing, evaluating, and creating from Anderson and
Krathwohl's (2001) taxonomy. One challenge is that GenAl may make students regulate less (Yan et al., 2024). For example, while
GenAl enhances the efficiency of information processing and retrieval, it poses a risk of fluency bias, where learners may overestimate
their understanding due to the ease of processing information. Additionally, relying on GenAl for creative and problem-solving tasks
could undermine these essential skills, fostering dependency and potentially hindering innovation and original thought (Rafner et al.,
2023; Scneiderman, 2020). From a practical perspective this highlights the importance of thinking of GenAlI as support rather than
using it as a replacement as we have attempted to do in this manuscript.

Another important practical implication is the need to educate stakeholders on the differences between using generic GenAl tools like
ChatGPT, educational GenAl, and educational GenAl designed with educational psychology theory. Our study results clearly show that
an educational GenAl chatbot that builds on theory, such as ChatTutor, fosters significantly greater trust, enjoyment, and intentions to
use the technology in the future compared to a generic GenAl system like ChatGPT. Another important practical consideration is the
challenge teachers face in defining their role in the use of GenAl for learning. Yan et al. (2024) suggest incorporating human-in-the-loop
elements, such as fostering partnerships among researchers, practitioners, and policymakers. This approach was used in our study,
where we collaborated with instructors, researchers, and a GenAl development startup to design the ChatTutor intervention.
Furthermore, the intervention included human-in-the-loop elements, as the ChatTutor system allowed learners to escalate a question to
a human instructor if they encountered confusing or inaccurate information. This feature is crucial given that GenAl chatbots are known
to 'hallucinate,' that is, provide false information.

Limitations and Future Research

Our study had several limitations. The primary limitation was the short duration learners had to interact with the GenAlI chatbot,
compared to the extensive time spent on the topic through a seminar, exercise course lectures, and lab activities. This setup was not
ideal for measuring the tool's impact on learning outcomes but was necessary given the context of an authentic cognitive psychology
course. Such an approach is typical of a value-added study, where the objective is to assess the additional benefit of an educational
intervention. Future research should explore the value of using GenAl to facilitate GLS when students have more time to engage with a
theoretically informed GenAlI chatbot. Additionally, future studies should examine different age groups, as previous research has shown
varying levels of GLS effectiveness across age groups (Broad, 2021).

Another limitation of our study concerns the reliability coefficients of some outcome measures, including conceptual knowledge and
trust, which fell below acceptable levels. We prioritized content validity in our conceptual knowledge measure by including a broad
range of items assessing different components of the learning material. However, future research would benefit from incorporating
measures that are both valid and reliable. The goal of the learning intervention in this study was conceptual knowledge understanding.
Future research could explore the value of theoretically informed GenAl for higher-order learning outcomes, such as applying,
analyzing, evaluating, and creating, where relevant to learning interventions. Furthermore, this study focused on developing a GenAl
intervention based on generative sense-making research and theory. Future research should explore how other educational psychology
theories can inform the development of GenAl interventions, given the scarcity of such studies.

Conclusion

Generative Artificial Intelligence (GenAl) has captured significant public and scholarly attention and could challenge education by
transforming traditional methods of teaching, learning, assessment, and administration. However, a recurring challenge with novel
technologies lies in the tendency to implement and evaluate them from a technocentric perspective, often neglecting insights from
educational psychology and learning science. This manuscript had two primary goals: first, to extend generative learning theory by
proposing how GenAlI can be utilized to support generative sense-making in education; and second, to empirically examine its impact on
the outcomes of conceptual knowledge, self-efficacy, trust, enjoyment, and behavioral intentions. To achieve these objectives, we
developed a theoretically informed GenAl chatbot (ChatTutor) designed to scaffold learning by prompting students to engage in the
generative learning strategy of teaching a GenAl chatbot. Through a pre-registered experiment conducted in an authentic university
setting, we compared ChatTutor to ChatGPT and a teaching-as-usual condition. The findings demonstrated that ChatTutor significantly
enhanced trust, enjoyment, and behavioral intentions compared to ChatGPT, but not self-efficacy. Regarding learning outcomes,
ChatTutor led to higher immediate conceptual knowledge scores than ChatGPT but did not outperform teaching-as-usual. In the delayed
follow-up test, ChatTutor led to significantly higher conceptual knowledge than teaching-as-usual, but the differences with ChatGPT
were no longer significant. This study underscores the importance of adapting educational psychology theories to harness the unique
capabilities of GenAl in supporting meaningful learning. The findings contribute to the growing call for theory-driven, learner-centered
integration of GenAl into education, moving beyond the initial fascination with the technology.
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by learner (all conditions)

Student-focused Interaction initiated by
AIED system (ChatTutor)

Interaction initiated
by instructor
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Figure 1

Framework for the development of a student-focused GenAl educational application where interaction is initiated by a) the learner, b)
the AIEd system, and c) the instructor, adapted from the taxonomy developed by Holmes and Tuomi (2022).
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Figure of experimental procedure
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