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Abstract
Recent developments in Conversational Agents (CAs) have offered researchers new ways to develop personalized learning 
support for students that is accessible in various environments. Traditionally, CA learner experiences are accessible through 
home devices, including Alexa Echo and Google Nest, for tasks such as setting reminders, ordering products, and control-
ling smart home functions. However, there is an opportunity to expand CA’s range to investigate the role of CAs in guiding 
instruction as a novel digital learning modality for learners with diverse needs. This article introduces considerations for 
designing CAs that leverage aspects of personalized student learning paired with common pedagogical instruction accessible 
on demand. Guided by classical theories of multimodal learning and self-regulated learning, we describe how to design CAs 
to capture personalized student variables throughout the voice instruction. Finally, we discuss the implications and potential 
for CAs moving forward to meet diverse learning needs of all learners.
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With a shift in the delivery of instructional practices in 
evolving learning environments (e.g., online modalities), 
researchers and practitioners seek innovative ways to create 
personalized learning (PL) experiences that are accessible to 
all learners with diverse learning needs (Zhang et al., 2020a, 
b). Conversational Agents (CAs) have emerged as a type of 
technology that demonstrates the potential to facilitate PL 
experiences. The emergence of CAs can be found in embed-
ded technologies in most of the personal devices we use 
throughout our day, such as cellphones, personal comput-
ers, and tablets. Interactions with these devices are achieved 

through Apple’s Siri, Microsoft’s Cortana, and Amazon’s 
Alexa, depending upon which device you are using. Addi-
tionally, CAs enable individuals to interact with devices such 
as home speakers (e.g., Amazon Alexa, Google Assistant, 
Samsung Bixby), computers, televisions, and mobile phones 
through voice, which creates hands-free human-computer 
interaction (Myers et al., 2019). The application of CAs 
has permeated such societal sectors as smart homes, trans-
portation, marketing, and healthcare, which has exhibited 
higher perceived efficiency, lower cognitive effort, higher 
enjoyment, and higher service satisfaction as opposed to 
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text-based interaction (Rzepka et al., 2022). The opportunity 
to harness CAs as an instructional technology expands the 
educational modalities through which personalized instruc-
tion, guidance, and support may occur. This opportunity is 
contingent upon effectively integrating CAs’ unique techno-
logical affordances for engaging with individual learners and 
robust pedagogical designs driven by established learning 
theories.

This article aims to provide theory-driven guidance on 
designing CAs that facilitate PL experiences and describe 
specific design considerations for achieving such desired 
outcomes. We begin by providing an overview of CAs and 
research investigating the use of CAs in education. We then 
draw upon theories of multimodal learning and self-regu-
lated learning (SRL) to discuss PL features that CAs can 
leverage, such as providing multiple instructional resources 
and paths, enhancing on-demand access to preferred learn-
ing resources, and offering customized guidance. For exam-
ple, when learners first access the CA, they are prompted to 
answer questions related to their preferences (e.g., goals, 
preferred work times, interests, strengths). Next, we detail 
the process of designing a CA experience by embedding 
pedagogical practices and personalization features from 
two aspects: (a) predesign of instructional materials and 
resources and (b) design for learner interactions with CAs. 
We conclude by offering implications for advancing research 
on design and discussion of the possibilities of this technol-
ogy moving forward.

CAs and Related Research

Mortensen (n.d.) described CAs’ fundamental function as 
the ability to use voice as the access point to invoke smart 
devices through CAs to make commands, seek information, 
and create interactive experiences. CAs are dynamic systems 
that simulate human conversation using language (Kocaballi 
et al., 2020). CA devices use cloud services to process voice 
commands that are then analyzed, prompting the system to 
respond appropriately to individual and unique interactions 
(Chung, 2019). The integration of CAs into almost every 
professional discipline and everyday function has increased 
awareness of artificial intelligence (AI) and speech recogni-
tion software to meet the needs of users for both professional 
and personal activities (Nguyen & Vo, 2018). Additionally, 
CA devices have become more integral in the home setting 
(Chkroun & Azaria, 2019), seamlessly interweaving into 
aspects of daily activities. The initial prototypes of CAs were 
restrained to responding to only basic one-word commands 
that limited user capabilities and experiences (Li et al., 2004). 
However, CAs have evolved to provide experiences that can 
offer nuanced and increasingly complex interactions.

CAs in Education

CAs can be applied across various learning contexts to 
simulate human instruction and play in multiple instruc-
tional roles, such as providing immediate and personal-
ized feedback to learners (Sharma et al., 2019; Winkler 
& Roos, 2019). Utilizing AI techniques, CAs can con-
sistently capture learner progress monitoring data more 
efficiently and effectively that teachers are unable to, with 
commands prompting specific responses focused on the 
individual learner’s capabilities (Akyuz, 2020). These data 
and prompts allow CAs to provide structured feedback, 
assist learners with tasks, adapt learning tasks and materi-
als to learner preferences, and support conversation abili-
ties (Kulik & Fletcher, 2016; Ma et al., 2014; Rus et al., 
2013). Winkler and Roos (2019) described the pedagogi-
cal benefits to adopt CAs into practice as (a) adapting the 
devices to support different contexts to meet the individual 
needs of the learner, b) allowing teachers the autonomy to 
create relevant interactions without relying on developers, 
and (c) learners’ gaining familiarity with the devices from 
continued exposure.

In an early study, Baylor and Kim (2005) investigated 
and validated the effectiveness of three instructional roles 
(i.e., expert, motivator, and mentor) that pedagogical 
agents played in improving college students’ learning. 
Over the past decades, research on pedagogical agents 
have made significant progress, providing insights into 
the design and applications of CAs by leveraging more 
recent technological advances. In particular, advances 
in natural language processing and speech recognition 
technology allow for natural verbal interactions between 
individual learners and agents, thus better simulating 
human-to-human conversations (Kim & Baylor, 2016). 
In a more recent study conducted in a high school and a 
vocational business school, Winkler et al. (2021) found a 
greater improvement in problem-solving skills for students 
who used Alexa-based CAs to complete assignments than 
their peers using traditional paper-based methods. In other 
studies, researchers created and evaluated CAs deployed 
on Google Home that engage young children in joint read-
ing by asking questions, providing feedback, and adapting 
scaffolding (e.g., Xu et al., 2021; Xu & Warschauer, 2020).

Several studies investigated teachers’ perceptions of 
using CAs to support student learning in such ways as 
completing homework and acquiring knowledge (e.g., 
Dousay & Hall, 2018; Incerti et al., 2017; Jean-Charles, 
2018). For example, a study surveying in-service teachers’ 
experiences of integrating Alexa Echo in the classroom 
showed that a successful CA integration could help teach-
ers improve classroom practices and yield positive student 
learning outcomes (Dousay & Hall, 2018). Additionally, 
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Incerti et al. (2017) found that a high percentage of sur-
veyed pre-service teachers (83%) would consider utilizing 
CAs on Alexa Echo in their classroom. However, these 
teachers indicated multiple challenges related to CA use, 
such as technical issues, students’ misuse of CAs devices, 
and lack of capacity to design CA-based instruction. To 
extend the challenges that educators may face, data pri-
vacy compliance must be addressed in any use of class-
room CAs. The Family Educational Rights and Privacy 
Act (FERPA) contains pointed language on the rights of 
children and families regarding the data that is collected 
and how that data is stored and analyzed. The protections 
brought forth by FERPA are critical to ensure that student 
privacy is protected and, therefore, should be central to 
any design related to CAs.

The Potential of CAs for Learners with Diverse 
Learning Needs

Previous research investigated the usage of CAs for diverse 
learners, including young children (e.g., Lovato & Piper, 
2019), English language learners (e.g., Xu et al., 2021), and 
individuals with visual impairments (e.g., Jariwala et al., 
2021), learning disabilities, or any difficulty using a key-
word/mouse (e.g., Marvin, 2020; Lister et al., 2020). For 
example, research showed that voice invocation has made 
it easy for young children, particularly those who are not 
fluent readers or writers, to utilize devices to seek informa-
tion (Lovato & Piper, 2019). In reviewing related literature, 
Lovato and Piper (2019) recognized the value of CAs in alle-
viating some technical obstacles young children faced when 
seeking information through search engines that required 
typing and spelling skills. Moreover, Jariwala et al. (2021) 
developed an intelligent CA system that could provide per-
sonalized responses for students with visual impairments 
when learning new mathematical concepts and engaging 
in self-directed learning. Importantly, Lovato and Piper 
(2019) note that while students could benefit from CA-based 
instruction, more research is needed to investigate skills and 
knowledge necessary for meaningful interactions with CAs. 
For example, the skill to ask CAs questions and problem-
solve if CAs do not recognize the response has potential 
impact on interaction experiences for students.

The existing research revealed preliminary evidence on 
the effects and potentials of utilizing CAs to support learn-
ing experiences for learners with diverse needs. However, 
challenges emerging from the literature suggested that more 
research is needed to investigate the design of CA-based 
learning from both technical and pedagogical perspectives. 
On the technical side, the rapid development of CA devices 
and voice-building apps (e.g., Alexa Skill Blueprints, Voice-
flow) has made it easy for teachers or other stakeholders 

with limited training to create CAs without coding required 
(Emerling et al., 2020; Winkler & Roos, 2019). While these 
blueprints offer easy access to creating interactive skills, 
they only produce one to one spoken skills with limited 
functionality. On the pedagogical side, there is a lack of 
clear guidance on how to design CAs given that research on 
CA-based instruction is still in its infancy. To fully lever-
age the potential of CAs to provide PL for diverse learn-
ers, the design and implementation should be grounded in 
human learning theories, instructional design principles, and 
pedagogies (Xu & Warschauer, 2020). To fill this gap, we 
provide guidance on combining pedagogical practices with 
PL features when designing CAs in the following sections.

PL Definition and Research

Understanding the concept of PL serves as an initial step of 
designing CAs to ensure and increase personalization for 
diverse learners. Researchers from across disciplines have 
defined or applied PL as emerging technologies (e.g., Chen, 
2009), instructional approaches (e.g., Walkington & Ber-
nacki, 2015), or systematic learning designs (e.g., Zhang 
et al., 2020a, b, 2022). In this article, we refer to Zhang 
et al. (2020a, b, 2022) definition of PL as a systematic learn-
ing design that focuses on tailoring instruction to individual 
students’ strengths, needs, preferences, interest, prior knowl-
edge, and goals that leads to well-rounded educational expe-
riences including increased access to disciplines and twenty-
first-century work skills. This PL definition indicates the 
complexity of PL implementation for individual learners. A 
large body of research tied PL closely to adaptive learning 
systems, intelligent tutoring systems, ubiquitous learning 
systems, and robotics (Xie et al., 2019). These technologies 
with varying features afford the ability for learners to engage 
in learning activities customized to their needs in relation 
to cognition, metacognition, motivation, and affect (e.g., 
Arroyo et al., 2014). Focusing on different functionalities, 
researchers applied varied learning and instructional design 
theories to the development and implementation of PL.

Most current PL technologies have functionalities to 
guide learners through each step of a learning process by 
providing immediate hints and feedback, the design of which 
were grounded in AI concepts and cognitive theories (Kulik 
& Fletcher, 2016). For example, Chen (2009) developed a 
personalized intelligent tutoring system with SRL-assisted 
mechanisms based on Zimmerman’s (2000) cyclical model 
of SRL theory. Mayer’s (2005) cognitive theory of multi-
media learning (CTML) was used to guide the design of 
adaptive learning systems that support learners in processing 
information through multiple modalities (e.g., Arroyo et al., 
2014). Several ubiquitous learning systems were developed 
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based on Vygotsky’s (1978) social constructivism theory 
that enabled learners to interact with authentic learning 
environments to enhance meaningful learning (e.g., Hwang 
et al., 2012). Development and applications of these PL tech-
nologies exemplify the translation of classical educational 
theories to evolving learning contexts, providing implica-
tions for CA designs.

Instructional Design and Learning Theories 
Guiding CA Designs

As an emergent technology, CAs have functionalities that 
can be leveraged to facilitate varying aspects of PL. In 
a recent study, Winkler et al. (2021) found that CA pro-
vided PL experiences by allowing students to learn at their 
own pace and receive individual guidance. Drawing upon 
constructivist learning theories, Winkler and colleagues 
explained that students benefited from interactions with 
CAs as individual coaches who provide dynamic scaffold-
ings and step-by-step problem-solving guidance. To advance 
the conservation around the potential of CAs to facilitate 
PL, we draw upon CTML (Mayer, 2005; Moreno, 2005) to 
discuss the design of CAs. Additionally, we adopt Zimmer-
man’s (2000) cyclical model of SRL theory to demonstrate 
the affordance of CAs to provide personalized guidance on 
individual learning processes.

Cognitive Theories of Multimodal Learning

According to Mayer’s CTML (2005), humans possess a 
dual-channel, limited-capacity, and active information pro-
cessing system. Effective instructional design, therefore, 
needs to consider learners’ dual channels for visual/pictorial 
and auditory/verbal information processing. Each channel 
is assumed to have limited processing capacity, making it 
critical to chunk instructional information, build connec-
tions among pieces of incoming information, and connect 
to existing knowledge. Learners actively engage in cognitive 
processing to understand and organize incoming information 
into a coherent representation of learning experiences. Thus, 
multimedia instructional materials should be designed to 
guide appropriate information processing without overload-
ing learners’ cognitive systems.

Currently, many CA devices do not have screens to sup-
port visual engagement. However, new iterations of CA 
devices have large screens and developer features that allow 
for multimodal representations of information. As such, 
guided by CTML, CAs can combine verbal and non-verbal 
representations of knowledge to prime learners’ auditory 
and visual information processing channels. Expanded on 
CTML, Moreno’s (2005) cognitive-affective theory of learn-
ing with media (CATLM) provides multiple instructional 

design principles that specifically apply to the design of 
agent-based multimedia learning. CAs present information 
in a conversational style, which aligns with the personali-
zation aspect of instructional design principles supported 
by CATLM. Based on CATLM, Moreno and Mayer (2007) 
highlighted the importance of embedding interactivity into 
multimedia learning environments that facilitate multidirec-
tional communication and guide learners’ active cognitive 
processing. They suggested creating opportunities for learn-
ers to ask questions and receive answers (dialoguing), deter-
mine the pace and/or order of the learning content presented 
in segments (controlling), control aspects of presented infor-
mation (manipulating), seeking information through multi-
ple options (searching), and select from various available 
sources to determine the learning content (navigating).

The above-mentioned instructional principles and con-
siderations provide guidance on how to design CAs. Some 
concrete examples will be described in the following sec-
tions. However, it is important to acknowledge the debatable 
effects of agent-based technologies according to cognitive 
load theory (Sweller et al., 1998). In guiding the design 
of pedagogical agents, Louwerse et al. (2009) argued that 
multiple sources of information might add to an extraneous 
cognitive load to learners when these sources convey similar 
information. On the other hand, the researchers suggested 
that well-designed agents could reduce cognitive load by 
directing students toward specific tasks and resources as 
well as by providing multiple modalities that reinforce each 
other to generate a modality effect. Additionally, previous 
research on CAs indicated that if users were allowed to end 
the conversation at any time when interacting with CAs, 
they would be less likely to experience high cognitive loads 
(Rzepka et al., 2022). Thus, these design elements need to 
be considered when designing CAs to facilitate individual 
learning experiences.

Self‑Regulated Learning

As a classic learning theory, SRL provides an avenue to 
understand individual learners’ cognitive, motivational, 
and emotional aspects of learning (Panadero, 2017). Effec-
tive learning occurs in a structured learning environment 
that minimizes the impact of cognitive load by supporting 
learners in developing SRL skills (Kirschner, 2002). With 
structured support, students can utilize SRL skills to better 
allocate cognitive resources to the learning tasks (Park et al., 
2015). This is especially important for technology-enhanced 
PL environments embedded with flexible activities and mul-
timodal materials (Basham et al., 2016).

According to Zimmerman’s (2000) cyclical model, SRL 
includes three phases of the metacognitive process: fore-
thought, performance, and self-reflection. In the forethought 
phase, learners engage in task analysis (e.g., goal setting, 
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strategic planning) and activation of motivational beliefs 
(e.g., self-efficacy, outcome expectancies, intrinsic inter-
est, and goal orientations) that influence the use of learning 
strategies. In the performance phase, learners perform the 
task, use self-control strategies (e.g., imagery, time manage-
ment, help-seeking), and monitor progress to keep cogni-
tively engaged and motivated. In the self-reflection phase, 
learners self-evaluate how they have performed the task and 
make attributions of performance (e.g., success, failure) to 
perceived causes. Additionally, learners generate self-reac-
tions, such as self-satisfaction and adaptive or defensive 
responses that can positively or negatively influence future 
task performances.

Researchers have utilized SRL to theoretically under-
pin the development of PL technologies (e.g., Chen, 2009; 
Desai & Chin, 2020). For CAs, the AI-based conversational 
interface can be programmed with prompts and structure 
for learners to practice SRL skills when interacting with 
the CA. Desai and Chin (2020) discussed the feasibility of 
implementing multiple SRL strategies in CAs, such as pro-
viding hints, motivational prompts, feedback, teach-back, 
and gauging deep questions. These strategies are designed 
by leveraging CAs’ functionality of consistently capturing 
and analyzing learner progress monitoring data. Based on 
these data, CAs can provide scaffolds and feedback tailored 
to individual learners. We recommend that CA designers 
harness this functionality and embed prompts that guide 
learners in setting goals, performing tasks to achieve the 
goals, and self-evaluating performance to practice their SRL 
skills. Detailed design examples aligned to SRL will be dis-
cussed in the following sections.

The design considerations grounded in CTML/CATLM 
and SRL can serve as a starting point for connecting person-
alization design principles with the current functionalities 
afforded by CAs. CTML/CATLM as instructional design 
theories offer a lens into how to design CAs that supports 
individual learners’ information processing; SRL as a learn-
ing theory provides guidance on embedding supports and 
structures for improving individual learners’ self-regulatory 
actions when interacting with the CA. While learning theo-
ries deepen the knowledge about how to design CAs, it is 
critical to highlight how they transfer to or undergird peda-
gogical practices delivered by CAs to facilitate PL across 
evolving learning environments.

Identifying Pedagogical Practices for Learners 
with Diverse Learning Needs

There is an array of pedagogical practices, such as explicit 
instruction and inquiry-based learning, that were developed 
based on learning theories and proven to be effective in 
improving student learning across content areas and contexts 
(e.g., Pedaste et al., 2015; Rupley et al., 2009). Previous 

research suggests that learners vary in pre-existing knowl-
edge, cognitive capacities, and metacognitive skills; thus, it 
is important to provide personalized support and guidance 
for learners across learning contexts (Cantor et al., 2018). 
In a brick-and-mortar classroom setting, teachers select and 
implement specific pedagogical practices that address the 
needs of learners. The educational decisions that teachers 
make are then delivered by a structure for providing direct, 
explicit, and systematic guidance which is critical for 
empowering learners to succeed in varying contexts, espe-
cially in online learning environments (Alfieri et al., 2011; 
Kirschner et al., 2006).

In a brick-and-mortar environment, teachers can break 
down complex skills (e.g., math concepts, literacy strate-
gies), model learning processes, provide graduated prompts 
or feedback, allow for self-monitoring, and apply other 
explicit instruction practices to facilitate student learning 
(Hughes et al., 2017). For example, research has substanti-
ated that explicit instruction could help improve mathemati-
cal learning outcomes (Rupley et al., 2009; Woodward et al., 
2018). These studies emphasize the importance of explic-
itly teaching math words, visually illustrating connections 
of math concepts, modeling the use of strategies and tools, 
and guiding learners in monitoring learning progress. How-
ever, there are multiple challenges pertaining to modeling, 
step-by-step guidance, and monitoring in traditional face to 
face (f2f) settings. For example, classroom group instruction 
is usually delivered at a brisk pace, which may fall short of 
meeting individual learner needs, such as differing needs 
for time, resources, guidance, or other instructional support 
(Archer & Hughes, 2010).

Another challenge may arise when step-by-step guidance 
or modeling diminishes in an environment without physical 
teacher presence, such as online learning settings (Carter 
et al., 2020). To address these challenges, CA provides the 
possibility of translating proven pedagogical practices into a 
technology-based learning setting where immediate teacher 
support is absent and more personalization can be embedded 
in individual learning processes. Specifically, the CA can 
simulate teacher-led instruction by modeling the learning 
process and providing personalized feedback for learners 
with diverse needs when learning independently in the class-
room or at home.

An Illustration of how to Design CAs for PL

Before creating CAs, it is critical to understand local and 
state laws that address student privacy especially in online 
settings. As of 2019, child advocate groups have brought 
attention to the concern about violations against the Child’s 
Online Privacy Protection Act (COPPA) when data on 
children’s interactions with smart speakers was recorded 
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(Kaufman, 2022). Further, some states have specific laws 
that place needed protections for processing data from chil-
dren under 13. For instance, the Washington State Data 
Privacy Act forbids processing children’s data without 
parental permission. Therefore, any potential benefit of 
CA-based instruction is bound to protections afforded to 
learners. On the pedagogical side, it is critical to carefully 
create content and arrange resources prior to CA use (i.e., 
predesign) and design prompts supporting learner interac-
tions with CAs to maximize the potential of CAs. In this 
section, we demonstrate how CTML/CATLM and SRL 
guide the predesign and design for interactions of CAs, 
respectively.

Predesign of CAs

It is important to note that as of the writing of this manu-
script, designers have the capability to create a fully func-
tional CA that is contained within a developer platform 
(e.g., Alexa, Google Assistant). When designers want to 
incorporate other resources into a CA (e.g., YouTube), they 
must strategically plan for how resources can be integrated 
into the CA. Currently, interoperability is not seamless. This 
means that in order for learners to access external resources, 
they may need to exit the skill. This presents a challenge 
because learners will have to re-enter the skill once they 
have finished with the external resource.

Building a CA starts with creating a dialogue flow, 
which is a script illustrating the conversation between the 
learner and the CA. Given learner variability, designers of 
CAs are suggested to consider all supports needed for all 
learners to succeed in PL experiences. In a f2f classroom, 
teachers decide which skills, strategies, and concepts to be 
taught and match learning content to learner needs. After 
determining the content and considering learner charac-
teristics, teachers break down complex learning skills and 
strategies into smaller segments, sequence skills logically, 
and provide learners with distributed and cumulative prac-
tices over time (Archer & Hughes, 2010). Similarly, care-
fully considering and arranging these instructional strate-
gies and resources ensures content programmed into CAs is 
organized and supportive of learners with diverse learning 
needs.

Guided by CTML and CATLM, there are two major 
considerations for incorporating personalization features 
in the predesign of CAs. Like many PL technologies (e.g., 
Abawi, 2015; Looi et al., 2009), CAs can host various 
multimedia resources that provide flexibility for student 
learning. For example, a CA device with a screen (e.g., 
Alexa Echo Show) supports the delivery of instruction in 
multiple modalities that facilitate voice-, image-, and text-
supported learning which helps learners seek information 

through diverse options from various sources. This pro-
vides a way of personalizing content based on learner 
preferences for perceiving information and cognitive abili-
ties to process the presented information (Mayer, 2005; 
Moreno, 2005).

Additionally, CAs can voice the connection of new con-
tent to previous content. If the learner is accessing the CA 
through a device with a screen, a visualization of the connec-
tions can be made available throughout the learning experi-
ence. A visualization, such as a graphic organizer, can show 
the relatedness of the content. This, paired with the CA 
talking through the connections highlighted on the screen, 
provides multiple ways in which the learner can make note 
of the relatedness of the content, be reminded of what con-
tent preceded the current learning, and what instruction will 
occur next.

The second personalization consideration for pre-design-
ing CAs involves the development of multiple entry points 
and prompts guiding appropriate choices based on learn-
ers’ prior knowledge. As discussed above, CATLM-guided 
instructional design principles indicate that learners pro-
cess information better by engaging in dialogue as well as 
determining the pace and/or order of the learning content. 
Learners are guided through a self-paced learning process 
through dialoguing with the CA. To enhance personaliza-
tion in the dialoguing process, a menu of options to learn 
components of a skill can be programmed into the CA. This 
design provides learners with autonomy over the order of 
learning content.

Interactions with CAs

Provided that the CA has been pre-designed with consid-
erations for offering multiple options and resources, CA 
can guide individual learners through instruction step by 
step. Here it is critical to ensure that students have been 
prepared to interact with CAs. Students should be famil-
iar with how to invoke a CA, how to ask questions, how 
to navigate through the choices offered in the CA, and 
how to stop a CA when they are finished or need a break. 
Preparing students to engage with CAs has the potential 
to ensure that learners follow the structure of CAs. Com-
pared to traditional f2f settings, the individual guidance 
process provided by technology can be embedded with 
more opportunities for learners to practice self-regulation 
skills during forethought, performance, and self-reflec-
tion phases (Romero et al., 2019; Zimmerman, 2000). 
Based on SRL, we provide the following scenario for 
designing a CA. The authors note that although the cur-
rent technological structures and capabilities allow for the 
creation of theoretical based CAs to exist, future advance-
ments will provide opportunities to extend beyond the 
scope of this article.
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Forethought Phase

After a learner invokes the CA, they hear a welcome mes-
sage and introduction. To provide the highest level of PL, 
the learner will be asked several questions that will guide 
their interaction. These questions may include the learner’s 
name, grade level, amount of time they plan to engage with 
the learning content, interests that could be used to provide 
rewards as learners interact with CAs and goals related to 
learning. This information will be captured as variables that 
support the learner by providing reminders of goals, alerts 
to time spent with the skill, and next steps. Many of these 
aspects align with Zimmerman’s (2000) forethought phase 
of SRL in that learners will set goals and plan to act upon 
these goals.

After the variables have been captured, the CA will 
introduce the topic with a statement of the goal of instruc-
tion and learner expectations. In traditional f2f environ-
ments, teachers will acknowledge the aim of the lesson by 
stating the goals, projecting written statements, or talking 
individually with learners (Archer & Hughes, 2010). In 
addition, teachers may employ environmental reminders 
that learners can refer to during instruction. In CA-based 
learning, once the learner hears the expectations she or 
he can determine if they are prepared to begin the les-
son. If they are not, the learners can ask the CA to take 
them back to review content that can promote learner 
success. CAs can provide verbal prompts that guide the 
learner through planning how to be successful with the 
learning activity. These prompts have the potential to pro-
vide meaningful structures that afford learners multiple 
opportunities to strengthen their forethought phase of 
SRL (Chen, 2009).

Once the learner has heard the goals and expectations, 
CAs can lead the learner through a review of prior skills 
that are critical for success with the new content. In a f2f 
setting, teachers can prompt learners to reflect on prior 
learning and use this time to connect previous learning 
to the content that will be covered during the lesson. This 
allows learners to choose how they want to review the 
content. For instance, the learner will hear a guided reflec-
tion question to engage their previous understandings of 
crucial content. When interacting with the CA, learners 
review skills with prompts to self-assess prior knowledge. 
This allows learners to determine if they are confident in 
their ability to move forward with instruction, or if they 
need to revisit pre-requisite skills. If they request more 
information to support their understanding, they can select 
to be taken to a video, hear a podcast, or send documents 
to their email for review. This feature assures that learners 
have multiple ways to review content and that instruction 
is supported beyond CA reading a script to the learner 
(Mayer, 2005).

Performance Phase

Providing clear step-by-step directions is critical for learning 
to occur. In a traditional f2f setting, teachers can model prob-
lem-solving by performing the skill while talking aloud the 
importance of each step and how they are making decisions 
within each step. To facilitate learning in online settings 
where immediate teacher support is absent, CAs can model 
individual problem-solving processes (Winkler et al., 2021). 
With previously collected learner characteristics variables, 
this modeling could fold in aspects of learner preferences 
including the type of media that is offered to the learner to 
solve the problem.

In f2f settings, the process of modeling is often extended 
to include Gradual Release of Responsibility (GRR; Fisher 
& Frey, 2013). With GRR, the teacher will first model the 
skill independently, then work with the learners to perform 
the skill together, then ultimately have the learner perform 
the skill on their own. The GRR strategy can be employed 
in CAs by the learner selecting how they want the skill mod-
eled through a preset list of options (i.e., YouTube, visuals 
on screen accompanied by voice, hard copy to email). In 
the case of choosing YouTube videos, learners will need to 
exit the skill and re-invoke the skill to come back. As CA 
technology advances, challenges like lack of interoperabil-
ity between platforms will need to be addressed. After the 
skill has been modeled, CAs can guide the learner through 
the skill and offer suggestions based on learner responses. 
Finally, CAs can offer a prompt that asks the learner to com-
plete the skill independently.

Additionally, to assist the learner in contextualizing new 
information, CAs can provide a range of examples and non-
examples of using strategies to learn the skill. This range of 
(non-)examples supports the learner in developing under-
standings of when, and when not, to apply the content being 
learned. These modeling features align to the performance 
phase of SRL by promoting access to task strategies through 
verbal reminders to use strategies when the learner experi-
ences challenges with the academic task.

Self‑Reflection Phase

In order for learners to show their mastery of content, it 
is critical that they are provided multiple opportunities to 
practice that are woven throughout instruction (Archer & 
Hughes, 2010). While teachers and CA designers determine 
the essential skills that will drive instruction, they should 
also determine how to build in checks for understanding 
that verify the learner is ready to proceed. In a f2f class-
room, teachers do this by prompting learners to answer ques-
tions related to the content. This may occur through choral 
responding, peer responses, or individual responses (Archer 
& Hughes, 2010).
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When engaging with a CA, learners will have multiple 
occasions to show their learning as well as reflect on their 
performance. This feature of CAs can be personalized by 
offering learners tasks and paths based on their responses 
to checks for understanding. These prompts are crucial for 
understanding where learners are in the learning process 
as well as for generating the opportunities for CAs to make 
decisions on how to best support engagement and progress.

Using CAs, learners can be asked specific questions 
related to content. CAs may offer behavior-specific praise 
based on correct answers or support the learner with fur-
ther instruction to reach the correct answer. In the f2f class-
room, teachers are mediating learning for multiple learners, 
which makes it difficult to always maintain awareness of 
the instructional needs of each learner and provide immedi-
ate feedback based on learner performance. Therefore, with 
well-designed CA instruction, learners can receive increased 
levels of support that are based on their preferences, can be 
restated at any point, and are available on demand.

Feedback is essential to providing learners the support 
needed to maximize the benefit of instruction (Hattie & 
Timperley, 2007). To be most effective, feedback should be 
delivered immediately in order for the learner to make cor-
rections to their thinking and apply new understandings to 
finish academic tasks (McLeskey et al., 2017). With CAs, 
the learner responds to prompts and receives immediate 
feedback. If the learner answers the prompt incorrectly, the 
CA can offer the learner support in correcting the error, 
including restating the prompt, modeling how to solve the 
problem, directing the learner to media to revisit the con-
tent, or taking the learner back to the previous section of 
the skill. Feedback from the CA can be used to guide the 
learners’ reflection on their performance. This could occur 
through verbal prompts that structure learner reflection to 
include satisfaction with their performance as well as how 
the learner may adapt their approach to the next task.

Discussion

As an emerging technology, CAs are presenting new possi-
bilities of personalizing learning experiences for all learners. 
In this article, we provided guidance on the design of CAs 
that integrate personalization features guided by CTML/
CATLM and SRL. Well-designed CAs may harness PL fea-
tures that provide tailored learning support and content for 
learners in a wide variety of settings, including online learn-
ing and f2f environments. Research on using CAs in edu-
cation is emerging (e.g., Jariwala et al., 2021; Lister et al., 
2020; Xu et al., 2021). However, more efforts are needed to 
investigate how CA informs PL experiences and enhances 
learning outcomes. Additionally, due to the variance of capa-
bilities found in CA hardware (e.g., Alexa Echo Show with 

screen, Alexa Echo Dot without screen), further research is 
needed to investigate how learners interact with different 
CA devices.

One major consideration that has emerged for further 
investigation is data privacy. Data privacy has been critically 
discussed with the increased introduction of CA devices in 
K-12 classrooms and home learning environments (Riddell, 
2019). CAs can collect users’ auditory data to provide rel-
evant feedback, accordingly; therefore, the collected data are 
transferred to databases based on shared agreements made 
between company and users (Kelly & Statt, 2019). However, 
users often skip reading data agreements thoroughly, trust-
ing that the devices are being used for educational purposes 
so their data are safe (Riddell, 2019). Therefore, teachers, 
parents, and learners will have to consider the use of CA 
devices and decide to what extent they will use them. Taking 
this into consideration, our recommendation is that CAs be 
accessed in online learning settings with the learner’s fam-
ily/caretaker present until further research has occurred on 
data privacy in f2f settings.

With the new emphasis on providing PL experiences to 
learners in online learning environments, new technologies 
are emerging. It is clear that no single technology will meet 
the diverse needs of all learners. The potential of CA lies 
in integrating personalization features and common peda-
gogical practices in a way that enhances optimal learning 
experiences for all learners. Although CA is in its infancy, 
advancements in terms of design, usability, and implementa-
tion are occurring rapidly. In order to maximize the potential 
of CA, the field should continually monitor growth in key 
areas such as developments in AI and data privacy as well as 
the impact of PL on learning. Further, research should con-
tinue on how CAs can support learners with diverse needs, 
including elements such as delivering voice-based instruc-
tion, guiding goal setting and monitoring, and transmission 
of meaningful feedback.
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