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ABSTRACT KEYWORDS
Learner interactions with Al have become crucial in education. A study with sixty- Learning; empifical studies
seven learners in a within-subject quasi-experimental study was conducted. for user behavior;

multimodal interaction;
artificial intelligence
applications

Participants were randomly assigned to counterbalance sequences of visual and audio
learning materials about wild species, completing a pre-survey, two learning sessions
with an educational Al chatbot called Cipherbot and post session experience surveys.
This study focused on learner interactions with Cipherbot, specifically (1) how material
modalities influenced recall; (2) chatbot engagement through behavioral patterns; (3)
material modalities’ influence on task completion; and (4) experiential interaction
exploring how prior experiences moderated learning behaviors. Interactions were
measured using surveys, audio-transcripts, and chatlogs. Results showed learners
achieved higher knowledge recall with visual materials. Experienced Al-users inter-
acted significantly less, whereas task-experienced learners interacted more after audio
materials. The audio-butterfly sequence showed order effects, with learners spending
more time producing more utterances. Chatbot-user guidelines with multiple modal-
ities are recommended to enhance learning experience.

1. Introduction

Many learners often assume that more information, such as media, modes, or stimulation, leads to bet-
ter learning. However, cognitive research often shows the opposite: adding additional modalities can
harm understanding by overwhelming working memory (Sweller, 2011). In video, audio, and interactiv-
ity environments, some students recall less in this multimodal content because multimodality competes
for limited cognitive resources (Ginns, 2005). Prior work reports that learning improves when presenta-
tion reduces cognitive burden and directs attention to essential information (Mayer, 2024). This conun-
drum raises an important question for educators in the age of artificial intelligence (AI) education. As
platforms become increasingly multimodal, the most effective learning strategy is a more targeted
modality. Understanding how different modalities affect learning is central to designing effective Al-
mediated learning experiences, services, and platforms.

AT chatbots have strongly influenced education in multiple aspects and have opened new venues for
developing more innovative pedagogical strategies for learner experiences. Many applications have been
studied in Al-assisted learning, from early education to higher education (Byrne, 2013; X. Chen et al,,
2020; Deveci Topal et al, 2021; Fang & Tse, 2022). However, current research has not properly
addressed how different priming modalities influence knowledge acquisition and retention, leaving edu-
cators without empirical guidance for integrating these technologies effectively in educational settings.
Priming modalities refer to media that learners use in their study sessions (e.g., text, image, audio,
video), which lead to changes in how they interact with the set-up learning environment. In this paper,
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we focus on two main issues: (1) the priming modalities affecting learning experiences, and (2) testing
the priming modalities affecting the usage of educational Al chatbots (EAICs).

Regarding Al chatbots in an educational context, Yaacob et al. (2025) studied ChatGPTs perceived
positively among learners as valuable and supportive of academic activities. Other studies have also
shown that designing technology-supported learning environments can help teachers detect learners’
learning situations and make suitable teaching decisions (Ait Baha et al., 2024; Alsobeh & Woodward,
2023; Han & Xu, 2024). However, among the general-purpose AI chatbots (e.g., ChatGPT, Gemini,
Claude), many EAICs have been developed for academia-focused purposes (Fersch et al., 2023;
Holderried et al., 2024; C.-C. Liu et al.,, 2022; Sharma et al.,, 2021). This is especially important when
learners use EAIC to study. This paper uses the term EAICs to describe a growing type of Al chatbot
that combines conversation with educational features, which is becoming increasingly important in
digital learning. These chatbots help to create Al-assisted learning environments that focus on trans-
forming learning experiences.

Regarding how the priming modality affects learners’ experiences, students in clinical encounters
were tested with different priming modalities to determine how they could find correct information
about their patients (Stuart et al., 2019). Using the same psychological method, priming in human-com-
puter interaction (HCI) has been studied to determine the influence of priming on creativity and idea
generation (Lewis et al., 2011). Therefore, this goal is to determine the influence of priming on learn-
ing, which refers to the knowledge gained and the correct recall rate of the learners” answers.

To test the priming modalities affecting the use of EAIC, Lee et al. (2023) studied the role of Al in
education, especially in the role of multimodality such as auditory, visual, kinesthetic, and linguistic
modes. The adaptation of using different types of media in education has changed drastically, and with
the integration of AI, we want to investigate the results of priming modalities in an Al-assisted learning
environment, measured by the EAIC usability data.

In this study, Cipherbot was used as the main EAIC. Cipherbot, which was developed in 2022, is a
chatbot tailored specifically for educators and learners. Cipherbot was set to only respond to queries
based on the pre-uploaded materials from educators and could be designed so that learners could track
citations, with recommended and follow-up questions based on specific topics. Our goal was to test the
impact of priming modality on learners in a specific Al-assisted learning environment, focusing on the
following research questions (RQs):

RQI: How do modalities (visual and audio) influence learners’ ability to recall knowledge?

RQ2: How do learners’ experiences (of the Al chatbot and task) influence learning experiences between
modalities (visual and audio)?

RQ3: How do materials modalities (visual and audio) influence task completion?

RQ4: How does the order of learning contents influence learning behaviors?

To address these RQs, we analyzed the learners’ evaluations in each learning modality in terms of
how they felt about the learning materials, the level of usability from their perspective about Cipherbot,
and the overall learning experiences. Subsequently, we combined each learner’s preference after experi-
encing both modalities and explained why they would prefer to choose the mode of learning together
with the Al-enhanced learning environment.

The remainder of this paper is structured as follows: a review of the relevant literature on AI chat-
bots in education, the role of priming modalities in learning, and applicable learning theories, followed
by an analysis of learner experiences in this study, and concluding with recommendations for integrat-
ing effective priming strategies into educational design.

2. Literature review
2.1. Al chatbots in learning

The continuous development of Al chatbots has created new opportunities to enhance and reshape the
learning process (Robayo-Pinzon et al., 2024; S. Wang et al.,, 2025; Xue et al., 2025). According to
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Labadze et al. (2023), Al chatbots can provide immediate support by answering questions, offering
explanations, and providing additional resources. Al chatbots have significant benefits in education, for
instance, reducing problems related to low teacher-student ratios and improving the overall learning
experience. A low teacher-student ratio restricts and makes it difficult for students to receive immediate
and interactive help (Y. Chen et al., 2023). Educational chatbots are emerging as solutions to these
issues. Yin et al. (2024) mention that chatbots have shown promise in providing instructional support.

Additional benefits of using Al chatbots include, but are not limited to, learning basic content in a
responsive, interactive, and confidential way (Y. Chen et al., 2023; Yin et al., 2024), immediate access
and response (Belda-Medina & Kokoskova, 2023; Labadze et al., 2023), individualized learning experi-
ences, and addressing the diverse needs of students (Labadze et al., 2023; Yin et al., 2024). Homework
and study assistance, personalized learning experience, and the development of various skills are also
noticeable advantages (Jeon, 2023; Kim et al., 2019; Labadze et al., 2023). Moreover, Al chatbots sup-
port engagement and motivation through interactive features and real-time feedback, further enriching
the learning experience (Belda-Medina & Kokoskova, 2023; Fryer et al., 2017).

Chatbots are used in many fields, including academia and business. In business, for instance, they
facilitate customer service by answering frequently asked questions and assisting in product choice,
which helps cut expenditure (Feine et al., 2020). In other fields, such as healthcare, they help with
appointment booking and basic advice, thus simplifying administrative burdens (Lucas et al., 2024).
Chatbots are also employed in the programming field to generate code and provide detailed code
explanations (Savelka et al., 2023). Chatbots are used in online education platforms to share course
materials, conduct evaluations, and offer group work with timely and personalized assistance (Yin
et al., 2024). The cases of their usage suggest that chatbots are effective in addressing problems in
many areas.

Although chatbots, particularly in the pedagogical field, offer promising advantages, empirical
research on the effectiveness of information systems in education remains scarce (Y. Chen et al., 2023).
Further research is needed to understand students’ learning processes when using these pedagogical Al
chatbots, audio and video modality effects, and their impact on student perception and engagement
behaviors. This gap is particularly relevant to the current study, as priming modalities (visual and
audio) may influence how students perceive and interact with Al chatbots, such as Cipherbot, directly
informing interaction quality and learning effectiveness.

2.2. Priming in learning

Priming is a key concept of cognitive psychology. This refers to the influence of a previously encoun-
tered object on future responses to similar objects (A. Wang et al., 2020; Wu et al., 2025). In the educa-
tional context, priming refers to any intervention to prepare learners for an educational experience or
task (Stuart et al., 2019).

Priming can be used as a pedagogical technique that may improve learning outcomes by preparing
students to interact with new content. Visual Priming occurs when the classification response is faster
to a stimulus that is visually identical to a previous stimulus than to one that is identical only in name
(Kroll & Schepeler, 1985). According to Xie et al. (2019), adding cues to parts of an image helps guide
the learner’s attention by emphasizing specific visual elements and directing focus to highlighted mes-
sages. In simple terms, if a part of an image is marked red, it will direct the reader’s eye to the crucial
section and reduce the search time. Although visual cues can help draw learners’ attention, they may
not always ensure better understanding. Many studies that used only visual or auditory cues failed to
find a positive effect of cueing on learning outcomes (Xie et al., 2019). This suggests that guiding atten-
tion with single-modality cues does not guarantee a better integration of relevant words and pictures,
especially when presenting complex multimedia materials. Presenting text auditorily instead of visually
may improve learning when paired with visual elements, such as graphs, diagrams, or animations
(Ginns, 2005).

Despite extensive research on the phenomenon of priming in cognitive psychology, its implications
for education remain under-examined. There is a lack of studies on modality-specific priming, includ-
ing visual and auditory inputs, in the context of Educational AI Experiences (EAIEs) in which EAICs
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manifest. This literature study discusses three fundamental theories: the Cognitive Theory of
Multimedia Learning (CTML) (Jiang et al., 2017; Mayer, 2024), Dual Coding Theory (DCT) (J. M.
Clark & Paivio, 1991), and Cognitive Load Theory (CLT) (Van Merriénboer & Sweller, 2010), as well
as the concept of modality effect (Ginns, 2005). These theories are selected for their emphasis on multi-
modal processing, which is central to understanding how visual and audio priming influences learning
outcomes in Al-assisted environments, directly supporting the study’s focus on interaction quality,
engagement, and learning effectiveness.

2.3. Learning theories

2.3.1. Cognitive theory of multimedia learning
CTML offers a strong foundation for examining how modality priming affects learning outcomes and
student engagement in Al-assisted settings. CITML is widely recognized in the field of educational
psychology (Jiang et al., 2017; Mayer, 2024). Learning deepens when text pairs with graphics instead of
text alone, as humans handle data via two distinct channels: one for visuals and the other for sound
and words (Cavanagh & Kiersch, 2022; Yue et al., 2013). Each channel manages only a small amount at
once, and meaningful learning depends on the students actively handling the material (Mayer, 2024).
Active processing is one of the key concepts of CTML, which states that meaningful learning
requires learners to actively engage with content. As Mayer (2024) explains, meaningful learning occurs
when a student actively processes lesson content by choosing pertinent details, arranging new informa-
tion into a clear mental framework, and linking it to prior knowledge stored in long-term memory.
This study employed CTML as the primary theoretical framework for addressing RQI (How do
modalities (visual and audio) influence learners’ ability to recall knowledge?) and partially informing
RQ4 (How does the order of learning contents influence learning behaviors?) CTML was selected because
it provides the most comprehensive framework for predicting when and why different modality presen-
tations (visual vs. audio) should differentially support learning outcomes, making it directly applicable
to our investigation of visual (in text and image format) versus audio (in podcast format) priming
materials in EAIC environments.

2.3.2. Dual-Coding theory

According to Clark and Paivio (1991) DCT, there are two separate but related cognitive systems: the
verbal system, which processes language, and the non-verbal system, which processes images and visual
content. Meaningful learning occurs when students engage in both systems simultaneously, enabling
the formation of dual memory traces by offering several methods for retrieving information. These
dual verbal and non-verbal representations improve memory and understanding (J. M. Clark & Paivio,
1991; Paivio, 2014). The DCT views cognition as a split between a verbal system for language and a
non-verbal system for images and objects, with recall improving when both codes merge, as people in
free-recall tasks quietly name items, creating dual memory marks (Paivio, 2014). This study employed
DCT to address RQI (How do modalities (visual and audio) influence learners’ ability to recall know-
ledge) by examining how visual (text and image) versus audio (podcast) priming materials support
dual-code formation during EAIC interactions. DCT was selected because it provides specific predic-
tions about how verbal and imaginal encoding systems differentially support memory and learning and
is directly applicable to our comparison of text and image materials (engaging both systems) and audio
materials (primarily engaging the verbal system).

2.3.3. Cognitive load theory

CLT is a key theory in educational psychology with significant applications in instructional design and
learning sciences (Van Merriénboer & Sweller, 2010). CLT is based on a cognitive architecture that
consists of limited working memory, with partly independent processing units for visual and audio
information, which interacts with unlimited long-term memory (Kirschner, 2002). CLT shapes educa-
tional psychology, proposing that reducing excess mental health prevents overload and frees resources
for meaningful learning (Skulmowski & Xu, 2022; Van Merriénboer & Sweller, 2010). The integration
of CLT into modern technologies is a subject of ongoing studies, and its outcome is yet to be seen.
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Skulmoski et al. (2022) proposed weighing how design factors alter cognitive load, with interactivity
offering both gains and drawbacks. Matching the load to the learning tasks and evaluation methods
reflects the design impact. This study employed CLT to address RQ2 (How do learners’ experiences (of
the Al chatbot and task) influence learning experiences between modalities (visual and audio)?) and RQ3
(How do materials modalities (visual and audio) influence task completion?). CLT was selected because
its constructs, intrinsic, extraneous, and germane cognitive load, provide a framework for understand-
ing how learner characteristics and presentation sequences influence learning processes, directly appli-
cable to our investigation of Al chatbot expertise and task experience as moderators.

2.3.4. Modality effect

The modality effect, based on CLT, emphasizes that learning effectiveness is improved when visual and
auditory channels are employed simultaneously. This theory illustrates that learning outcomes are
enhanced when graphical elements are visually shown while related textual information is communi-
cated through auditory means (Ginns, 2005).

Previous researchers have mixed opinions regarding the application of the modality effect and its
use in modern technologies. Research has shown that the modality effect can fade or shift in self-paced
settings (Ginns, 2005; Tabbers et al., 2004). Ginns (2005) notes that modern tools do not always guar-
antee strong learning results. According to Mayer (2009), the Modality Principle favors pairing images
with spoken words over printed text for deeper understanding. Applying the modality principle as a
theory-based approach to support multimedia learning improves the outcomes for many learners, sub-
jects, and formats (Moreno, 2006). Liu et al. (2022) stated that spoken text is more effective than writ-
ten text in animation-based learning. This study employed the modality effect to generate alternative
predictions for RQI (How do modalities (visual and audio) influence learners’ ability to recall know-
ledge?) that potentially contradict the expectations of CTML.

In summary, CTML theory (Mayer, 2024) states that humans possess dual channels but have limited
capacity. Active processing must be performed in each channel for deeper learning. This theory is rele-
vant to the present study on effective learning, which depends on modality. DCT theory (J. M. Clark &
Paivio, 1991) suggests that priming from audio, visual, or both can lead to better memory retrieval.
CLT theory (Van Merriénboer & Sweller, 2010) explains how priming in different modalities can
restrict overloading and aid decisions. Guided by these foundation theories, the present study investi-
gated whether different types of priming, or priming modalities, visual or audio in formats, affect stu-
dents’ perceptions, engagement behavior, and learning outcomes in EAIE using Cipherbot. Although
CTML (Mayer, 2024), DCT (J. M. Clark & Paivio, 1991), and CLT (Van Merriénboer & Sweller, 2010)
have formed a basis for understanding how visual and audio priming shape the learning processes,
their application to Educational AI chatbots, such as Cipherbot, is unexplored, making the current
study crucial.

3. Methods
3.1. Research design

This study employed a within-subject quasi-experimental design to investigate the effects of priming
modalities on learning experiences in an Al-assisted environment. The quasi-experimental approach
was chosen because all participants experienced both experimental conditions (visual and audio modal-
ities) instead of being randomly assigned to different control and treatment groups. This design follows
a clear structure of pre-survey and post survey structure: learners started with completing a pre-survey
to pre-assess their backgrounds and prior knowledge then engaged in two learning sessions (one with
visual learning material and one with audio learning material) with counterbalance presentation order
and completed learning experience survey after each session (Figure 1). This counterbalancing across
four sequences (Table 1) controlled for potential order and carryover effects. The design increased stat-
istical power by allowing each participant to serve as their own control with reducing individual differ-
ence confounds.
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Figure 1. Visualization of the study flow. In the learning material, if session 1 were visual, then in session 2 would be
audio and vice versa.

Table 1. The learner sequences’ explanation.

Learning topics\types of materials Visual - V (PDF file with text and image) Audio — A (podcast)
Morpho butterfly — B VB - Visual and butterfly AB — Audio and butterfly
Poison dart frog - F VF - Visual and frog AF - Audio and frog

Each learner experiences 1 visual material, 1 audio material, 1 frog material, and 1 butterfly material.

3.2. Procedure

This study investigated the impacts of different priming modalities in an Al-assisted learning environ-
ment. The learning context of this study was to protect wild species (see Supplementary Appendix 1
for a detailed description). There were two learning sessions (Figure 1). In each learning session, learn-
ers were given learning material and five minutes to interact with Cipherbot to complete a learning
task. Before the first session, they completed a pre-survey; after each session, they completed a learning
experience survey. Overall, 67 learners volunteered to participate in this study. All the learners signed a
consent form to share their data for research purposes. The learners were not financially compensated
but were given a small gift for their participation.

Cipherbot is an EAIC that responds to queries based on pre-uploaded materials (Figure 2(a)) (Jung
et al., 2025). Cipherbot helped educators create an Al-enhanced environment controlled only by class-
code access. The learners were given class code access for the specific class they attended (Salminen
et al., 2024). Educators can design classes to fit each level of learners, background, language, preferen-
ces, and the nature of the course (Figure 2(b)). Learners can use Cipherbot for multiple educational
purposes: “Chat” for knowledge exchange, “Learn” for problem solving, and “Mentor” to enhance work
quality. In this study, due to the purpose of the study, which is to find a solution for the learning task,
we asked learners to use the “Learn” feature to interact with Cipherbot. Learners were randomly
assigned different sequence combinations (Table 1).

There are four different types of learning materials (Table 1), which are later discussed as four
sequences: Visual Butterfly (VB), Audio Butterfly (AB), Visual Frog (VF), and Audio Frog (AF). Visual
materials included text and image, presented in a consistent format: title, explanations, image, and
research of the species (see Figure 3(a) for VF and Figure 3(b) for VB) with similar lengths. The audio
materials were created using Speeches features on Cipherbot (Figure 4(a)) in the same format: Podcast,
1 Female, 1 Male, 3-5min, and in English. During the audio condition, learners had access to both the
podcast audio and an accompanying transcript (see Figure 4(b) for AF and Figure 4(c) for AB), allow-
ing them to follow along and review content as needed. The source material used for generation was
the visual material of the species (e.g., AB generated from VB, AF generated from VF), allowing equiva-
lent contents across both modalities.
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Figure 2. (a) Cipherbot interface with three learning features: Chat, learn, and mentor in the learner account (screen-
shotted in January 2025, before the study) and (b) cipherbot dashboard, which is managed by the teacher account
(screenshotted in May 2025, after the study). (We encourage the reader to zoom in to increase text legibility.).

Content

Content
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(a) VF sequence (b) VB sequence

Figure 3. Visual interface from the learners’ view (student account): (a) VF sequence and (b) VB sequence. Further
details on the materials can be found in Supplementary Appendix 1.

3.3. Participants

The sample consisted of 67 participants: 40 males (59.7%) and 27 females (40.3%). The learners were
aged between 18 and 70years (M =36.72, Mdn = 36.00, SD = 13.17). Their education levels were
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batterty?
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Wait, hold on, goiden frogs? Are we taking about actual jewels
here?

Gender of Speaker 1 Gender of Speaker 2 Ah, great question! The Morpho butterfly, specifically the
Morpho peleides, has been around for over 30 milion years.

Haha, not quite! The golden poison frog, scientifically known as Buthere's the kicker: their biue color doesn come from
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Language for speaking
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(a) ‘Create’ tab (b) AF sequence (c) AB sequence

Figure 4. Speech feature of cipherbot, which lets both the teacher and student choose a specific material to create an
audio. (a) “create” tab, which lets users choose what characters they want in the audio, and this is the option we chose
in this study: Podcast, 1 Female, 1 Male, 3-5min, and in English. (b) The AF sequence in play for learners. (c) The AB
sequence in play for learners.

doctoral (n=30, 44.8%), master’s (n =18, 26.9%), bachelor’s (n=15, 22.4%), and high school (n=4,
6.0%). Learners represented 38 nationalities spanning six continents, with the largest groups being
Pakistan (n =26, 9.0%), Jordan (n=>5, 7.5%), and India (n =25, 7.5%).

The participants’ professional backgrounds showed the largest groups coming from computing and
technology fields, including Computer Engineering/Science/Software (n=12, 17.9%), Al/Machine
Learning (n=6, 9.0%), Cybersecurity (n=2, 3.0%), and Data Science/Mining (n =2, 3.0%). Education
and research professionals (n =10, 14.9%) and engineering fields (n =6, 9.0%) formed the next largest
group. Other backgrounds included Business & Communications (n=6, 9.0%), Biological Sciences
(n=4, 6.0%), Physical and Environmental Sciences (n =4, 6.0%), Economics (n=2, 3.0%), and individ-
ual representatives (n =1, 1.5%) of Healthcare, Design, Project Management, and Translation.

Before the study, the learners reported their experiences with AI and Cipherbot. Learners reported
using Al primarily for work-related tasks (n =56, 83.6%), followed by information searches (n=45,
67.2%), and learning/education (n=40, 59.7%). Entertainment was reported least frequently
(n=9, 13.4%).

3.4. Data collection

The study was conducted over a week in two locations (a research institute facility and a library), com-
prising five parallel sessions with eight moderators. All moderators followed a standardized script to
ensure consistency in instructions, prompts, and interactions across sessions. Moderators were trained
prior to data collection to minimize variability in delivery. The datasets we collected in this study
included (1) pre-survey, (2) experience survey, (3) Cipherbot chatlogs, (4) audio recordings of the
study, and (5) answers to the learning tasks. Both surveys were collected using a 5-point Likert scale
and included open-ended questions for qualitative analysis (see survey items in Supplementary
Appendix 2).

First, the pre-survey was conducted after stating the purpose of the study and before the start of the
first learning session. The pre-survey included background information, AI usage, Cipherbot experien-
ces, pre-knowledge regarding the learning tasks, and knowledge about wild species (Morpho Butterfly
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and Poison Dart Frog). We chose the Morpho Butterfly and Poison Dart Frog because we would like
to choose some topics that are not very popular, and the participants would actually need to learn
something new from the learning sessions.

Second, a learning experience survey was conducted twice after each learning session. The survey
included learners’ evaluation of the learning material, Cipherbot usability, and learning tasks. In the
second session’s survey collection, we also asked the learners about their learning material preferences
and their knowledge of wild species after the sessions.

Third, Cipherbot chatlogs are question-answer pairs of interactions between learners and Cipherbot
(n=2807, Visual = 402, Audio = 405). This dataset shows the contents of their interactions, question
themes, and the time of each interaction. Fourth, the audio recordings included learners’ think-aloud
data (n=67). Fifth, answers to learning tasks included mainly the social media posts that learners were
asked to create to trigger their networks to take action to help the wild species, two multiple-choice
questions, and an open-ended question recalling the knowledge they gained from the learning
materials.

3.5. Measures

This study measured four main forms of data: background variables, experimental conditions, recall
rate, behavior engagement variables, and learners’ preferences (Table 2).

3.6. Data analysis

This study employed a mixed-methods analytical approach to examine learners’ experiences with pri-
ming modalities in an Al-assisted learning environment. The dataset included inputs from 67 learners
collected through multiple instruments: a pre-survey, experience surveys (administered twice, once after
each modality condition), behavioral data extracted from recorded think-aloud interactions, and chat
logs with Cipherbot across counterbalanced sequence conditions. The data preparation involved remov-
ing duplicate pilot entries and merging all datasets into an unified dataset with aligned participant IDs
to enable cross-referencing across data sources. Audio recordings from think-aloud sessions were tran-
scribed using Microsoft Word online, which automatically generated timestamps and speaker labels.
These transcripts were then computationally processed using Python in Google Colab to transform the
word-formatted transcripts into a structured Excel format and filter conversations specifically occurring
during Cipherbot interactions for subsequent behavioral coding and analysis.

Quantitative analyses included paired-samples t-tests to compare recall performance between modal-
ities (RQ1), Pearson correlations to examine relationships between prior experience (AI chatbot expert-
ise and task familiarity) and behavioral engagement metrics (RQ2), chi-square tests, Wilcoxon signed-
rank tests to analyze task completion patterns and overlap between chatbot interactions and social
media posts (RQ3), and Mann-Whitney U tests to investigate order effects across counterbalanced
sequences (RQ4), with statistical significance set at « = .05. Behavioral metrics extracted from the tran-
scripts and chat logs included chatbot interaction count, moderator talk time, learner talk time, record-
ing time/duration, utterance counts, and social media post length.

Qualitative analysis involved thematic coding of think-aloud transcripts and open-ended survey
responses to identify patterns in learners’ experiences, strategic approaches, and perceptions of the two
modalities, with representative participant quotes extracted to illustrate key findings and triangulate
them with quantitative results.

4. Findings
4.1. RQ1: How do modalities influence learners’ ability to recall knowledge?

Prior to analyzing the modalities influencing recall knowledge, we looked into the learners’ preferences
for which modality they preferred after both learning sessions to understand the personal preference in
case it could potentially influence their behaviors. The results showed that Visual was the preferred
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Table 2. Explanations and sources of data for each group of variables that were used for analysis.

Group of variables Explanation Measure Source of data
Background Self-reported data from the pre-survey: age, gender, Likert 1-5 Pre-survey
educational level, nationality, Al chatbot expertise, Open-ended

Al chatbot usage patterns, and prior task
experience with social media post creation.
Systematically manipulated factors: Experience survey
Modality (Audio and Visual)
Learning content/task (Butterfly and Frog topics)
Presentation order/sequence (AB, AF, VF, VB)
Order of sessions (First and Second sessions)
Recall rate: the percentage of information correctly Percentage e Answers to the
remembered after each session, measured through Transcript learning tasks
recall questions, which include two multiple- Self-reported e Experience survey
choice questions. The open-ended recall question o Cipherbot chatlog
was collected for supplementary qualitative
insights but was not included in the quantitative
recall rate analysis. The audio transcript of the
recall part after the learning session was also
taken into account when further investigating the
results
e Self-reported task completion (writing social media
post)
e Overlap between social media post and Cipherbot
chatlog
e Social media post topics and content types
Behavioral engagement e Chatbot interaction: chatbot interaction count Count Record Audio recordings
(total number of messages sent to Cipherbot, of the study
counted from the chatbot log), record count
(frequency of recordings)
e Learner engagement: learner talk time (total
duration in minutes/seconds, calculated from
transcribed audio recording), learner utterance
count (number of speaking turns)
e Moderator interaction: moderator talk time (total
duration in minutes/seconds, calculated from
transcribed audio recording), moderator utterance
count (number of speaking turns)
e Session transcript: total length of session duration
(minutes/seconds), total utterance count
(combined speaking turns), recording time/
duration (total interaction time per session),
extracted from audio file metadata
e Task output quality: social media post length
(character/word count of created posts) created by
learners, extracted from task output
Learners’ preference Modality preference (Audio vs. visual learning Multiple choices Experience survey
materials).

Experim5ntal conditions

Results

format for 37 learners (55.2%), whereas Audio was preferred by 30 learners (44.8%). This distribution
suggests a relatively balanced preference between the two formats, with the slight majority favoring tra-
ditional format materials over audio content. The near-even split in preferences (55.2 vs. 44.8%) indi-
cates that both formats serve an important role in meeting diverse user needs and learning styles, with
text maintaining a modest advantage of approximately 10 percentage points over audio.

A paired-sample t-test was conducted to compare the recall rates between the audio and visual
modalities. The results revealed a significant main effect of modality on recall performance (#(66) =
2.34, p=0.022, Cohen’s d=10.41, 95% CI [0.06, 0.76]). Learners demonstrated higher recall rates in the
visual condition (M =0.82, SD = 0.27) than in the audio condition (M =0.68, SD = 0.39) with a mean
difference of 0.14, 95% CI [0.02, 0.26]. This represents a 20.6% improvement in recall for visual presen-
tations with a medium effect size according to Cohen’s (1988) conventions (Figure 5).

To understand the mechanisms underlying the observed recall advantage, the learners’ transcripts
were reviewed for qualitative themes. After learning from the visual modality material, learners consist-
ently referenced their ability to control pacing and review the content. For example, one participant
explicitly noted the review capability (“You don’t only go back and look,” P01, Participant), while
another sought to access the material again (“Can I go back to look at the learning material?,” S06,
Participant). Learners also reported positive engagement with materials (“Yeah. The material from the
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Figure 5. Mean recall rates (%) with standard error bars. Visual modality (M =82%) shows significantly higher recall
than audio (M= 68%), t(66) = 2.34, p =0.022, d=0.41.
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Figure 6. Al expertise influenced by modalities across different interactions. (a) with chatbot interaction count, which
refers to the number of messages sent to cipherbot during each session of each modality, (b) with moderator talk time,
which refers to the duration that the moderators need to spend to interact, encourage or explain to the learner during
the interaction with cipherbot, (c) with total recording time, which refers to the total interaction time with cipherbot
per session, (d) with social media post length, which refer to the length of post created by learner in each session.

article or book was very enjoyable reading. I enjoyed the reading. It was inspiring. The material helped
me to ask,” S08, Participant).

In contrast, after learning from the audio modality material, learners acknowledged the memory-
dependent constraints imposed by the temporal nature of the audio presentation. Learners recognized
that they had to rely on recall (“You need to recall what you remember,” P01, Participant). Another
learner expressed difficulty in retention (“Okay. I can’t remember anything about this race in captivity,
so I could do this from memory. I can’t go back and ask this question,” P42, Participant).

4.2. RQ2: How do learners’ experiences (of the Al chatbot and task) influence learning
experiences between modalities (visual and audio)?

4.2.1. Previous experiences of using EAIC
As an exploratory measure, learners were asked to give their AI chatbot background knowledge on
how their AI chatbot expertise was and what they mainly used the AI chatbot for.
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To examine whether Al expertise moderated the relationship between modality and learning experi-
ence, we conducted Pearson correlation analyses between AI expertise levels (Likert 5) and four key
behavioral metrics: chatbot interaction count (Figure 6(a)), moderator talk time (Figure 6(b)), recording
time (Figure 6(c)), and task completion (Figure 6(d)) in the social media post length data. These analy-
ses were exploratory in nature and were used to explore and understand the main findings of the RQ.

In the audio modality, learners with higher AI expertise engaged in significantly fewer chatbot inter-
actions (r=—0.345, p=0.004), spent less time in moderator discussions (r=-0.377, p=0.002),
recorded for shorter durations (r=-0.267, p=0.030), and produced briefer social media posts
(r=-0.327, p=0.007). These correlations ranged from small to medium in magnitude, explaining 7.1
to 14.2% of the variance in engagement behaviors. In contrast, low Al expertise was less visible. In con-
trast, learners with low AI expertise showed considerably fewer significant results, with most engage-
ment metrics failing to demonstrate statistically significant associations with the expertise level.

In contrast, the visual modality showed no significant correlations between Al expertise and any
behavioral metric (all p > 0.05, all R*> < 0.03), with negligible strength. This pattern suggests that visual
presentations may provide more equitable learning experiences across different expertise levels.

Overall, the differential impact of AI expertise across modalities was further confirmed through
Pearson correlation analyses of the difference in scores (audio minus visual). Al expertise negatively
predicted the difference in chatbot interactions between audio and visual conditions, with moderate
strength (r=—0.373, p=0.002, R* = 0.139), indicating that low-expertise learners relied substantially
more on chatbot support in audio (M_diff = 0.42), whereas high-expertise learners showed the oppos-
ite pattern (M_diff =—0.58). Similar patterns emerged for moderator talk time differences, with moder-
ate strength (r=—0.377, p=0.002, R*> = 0.142).

To further understand the influences of learners’ Al experiences, we further investigated the audio
transcripts to determine the different experiences of learners after learning from audio and visual. In
the audio modality, experienced learners employed efficient strategies (“I interact quite rapidly and
move as quickly as possible,” S133, Participant), while novices struggled with the transient format (“If I
was thinking about something that they were saying, then I might miss a little chunk of the audio
because I couldn’t pause it or rewind,” S41, Participant). By contrast, the visual format provided equit-
able support. One learner explained, “When I read, I like to read a part and then I go back, like if I
didn’t capture the information and go back and read, but without it, just like it'’s fleeting” (S09,
Participant).

4.2.2. Task experiences

We then further investigated how prior task experience (in terms of social media post-creation know-
ledge) influenced learning experiences across modalities. In the audio condition, task experience showed
significant negative correlations with chatbot interaction count (r=-0.308, p=0.011) (Figure 7(a)),
moderator talk time (r=-0.284, p=0.020) (Figure 7(b)), and social media post length (r=—0.308,
p=0.011) (Figure 7(d)) all representing medium effects, except the recording time (Figure 7(c)).
Learners with low task experience (ratings 1-2) averaged 7.27 chatbot interactions compared to 3.67 for
high-experience learners (ratings 4-5), a 49.5% reduction.

The visual condition demonstrated a weaker pattern, with task experience correlating significantly
only with social media post length (r=—0.255, p=0.039). Other engagement metrics showed no sig-
nificant relationship with task experience in the visual modality.

Opverall, the analysis of modality differences revealed that task experience significantly predicted chat-
bot interaction differences (r=—0.299, p=0.014), with low-experience learners using chatbot more in
audio (+0.84 interactions), while high-experience learners reversed this pattern (—1.40 interactions),
t(43) = 2.73, p=0.009, d=10.80. This crossover interaction suggests that modality preference shifts as a
function of task familiarity.

To further investigate the reason behind learners’ behavior based on their task experience level, we
examined their conversations between audio and visual modalities. In audio, more experienced learners
showed interest in how information needed to be validated before writing the post (“So this audio has
a bunch of claims which don’t make sense to me. So I'm actually gonna check them first. Okay. Just to
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Figure 7. Learner's experiences with the task (creating a social media post) influenced by modalities across different
interactions, (a) with chatbot interaction count, which refers to the number of messages sent to cipherbot during each
session of each modality, (b) with moderator talk time, which refers to the duration that the moderators need to spend
to interact, encourage or explain to the learner during the interaction with cipherbot, (c) with total recording time,
which refers to the total interaction time with cipherbot per session, (d) with social media post length, which refer to
the length of post created by learner in each session.

Table 3. Summary of self-reported data on how learners thought they wrote the post after each learning session.

Learners’ process of writing the post Audio count Audio (%) Visual count Visual (%)
Wrote all of it by myself 25 373 20 299
Copied some of it from Cipherbot but manually edited the copied text 25 373 27 403
Copied all of it from Cipherbot 17 25.4 20 29.9
Total 67 100.0 67 100.0

make sure that if I'm sharing something, it has some basis in it,” S12, Participant). However, less expe-
rienced learners expressed the need for explicit guidance on parameters, leading to more questions and,
thus, higher interaction counts (“How can I know? I'm not using social media? I never write posts for
social media. What are the criteria?,” S11, Participant). In visual modality, learners with higher task
experience wrote shorter soc