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ABSTRACT
This work examines the sociotechnical factors that influence the
adoption and usage of intelligent tutoring systems in self-directed
learning contexts, focusing specifically on adult learners. The study
is divided into two parts. First, we present Apprentice Tutors, a
novel intelligent tutoring system designed to address the unique
needs of adult learners. The platform includes adaptive problem
selection, real-time feedback, and visual dashboards to support
learning in college algebra topics. Second, we investigate the spe-
cific needs and experiences of adult users through a deployment
study and a series of focus groups. Using thematic analysis, we
identify key challenges and opportunities to improve tutor design
and adoption. Based on these findings, we offer actionable design
recommendations to help developers create intelligent tutoring sys-
tems that better align with the motivations and learning preferences
of adult learners. This work contributes to a wider understanding
of how to improve educational technologies to support lifelong
learning and professional development.

KEYWORDS
Human-centered computing, Intelligent tutoring systems, Intelli-
gent Tutor Usage and Adoption

1 INTRODUCTION
Intelligent tutoring systems support learners by guiding and scaf-
folding problem solving across a variety of domains [25]. Tutors
have a well-documented history of improving student learning,
particularly in K-12 settings [29], given to their ability to provide
personalized instruction, immediate feedback, and adaptive sup-
port. In theory, these benefits should extend to adult learners in
non-traditional educational contexts — such as workplace training,
online education platforms, and continuing professional develop-
ment. However, tutors remain largely underutilized in these settings,
either due to a lack of adoption or a limited body of research on
their effectiveness for adult learners [5]. Our work seeks to address
this gap by exploring how tutors can support learning in adult
education.

While the term adult learner colloquially refers to students over
the age of 18, we define it here as individuals who are both over 18
and classified as non-traditional students—those pursuing educa-
tion outside the conventional schooling pathway (e.g., a four-year
undergraduate degree immediately after high school). This defini-
tion includes students who enter the workforce after high school

and then return to college to change careers (e.g., through a two-
year technical degree). Unlike traditional students, adult learners
often juggle multiple responsibilities, such as full-time employment
or family commitments. Recent research on the adoption of educa-
tional technologies by adult learners indicates that this population
remains understudied [5].

Unlike K-12 students, who are often required to use tutors as part
of their curriculum, adult learners self-regulate their own learning
and are more strongly driven by intrinsic motivation [24]. This
highlights the importance of investigating how tutors are utilized
in voluntary, non-mandated settings, where engagement stems
from personal goals rather than external obligations.

While prior work on tutor adoption across a variety of user
segments hypothesizes that tutors have not been widely adopted
due to their high cost of development [25, 26], this work explores
an alternative hypothesis: that tutors are not adopted due to so-
ciotechnical challenges that arise from a mismatch between the
perceptions and needs of learners and the capabilities of intelligent
tutors. Accordingly, our work is guided by two research questions:
RQ1: Will adult learners use intelligent tutors when provided as

a supplementary learning resource?
RQ2: What are the specific needs of adult learners when using

educational tools?
To explore both questions, we developed an intelligent tutor-

ing system based on best practices, called Apprentice Tutors. We
then conducted a two-part study. The first part introduces Appren-
tice Tutors and examines whether students adopt the system. The
second part evaluates whether the tutor meets users’ needs and
explores what insights can be gained about adult learning needs
from its deployment. To investigate the unique needs of users, we
conducted focus groups with both students and teachers. Following
the focus groups, we performed a thematic analysis of the data [6]
and synthesized key findings into recommendations to improve
the adoption and effectiveness of intelligent tutors in adult learn-
ing. The aim of this work is to guide designers and developers in
building intelligent tutors with a better understand of needs of end-
users and building pedagogical tools that allow for greater overall
adoption and impact.

2 RELATEDWORKS
Intelligent tutors are praised for their ability to support person-
alized learning at scale. Although human tutoring is particularly
effective, it is cost prohibitive and therefore not available to ev-
eryone. Some researchers argue that private human tutoring can
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disproportionately benefit those with the financial means to afford
such services, thereby exacerbating existing educational inequities
[9–11, 37]. There have been several studies where intelligent tutors
have shown success when used by K-12 learners in controlled set-
tings where all participants engage in a fixed amount of activity
[1, 18, 20, 30, 31].

For example, a randomized trial involving an algebra tutor was
conducted as part of the Pittsburgh Urban Math Project. The study
found that, on average, 470 students in the tutored group outper-
formed students in the non-tutored group by 15% on standardized
tests and achieved a 100% improvement in the concepts targeted by
the tutoring system [20]. Similarly, a large-scale randomized con-
trolled trial of Carnegie Learning’s Cognitive Tutor Algebra I found
significant gains in student achievement, with tutored students
outperforming their peers in traditional classrooms [29].

While certain pedagogical principles remain consistent across
age groups, such as the benefits of high-quality feedback [17, 27, 35],
it is important to recognize that adult learners differ from K-12
learners in ways that affect learning. The context of adult learn-
ers diverges substantially. Often, they have to balance education
with many other life factors. Further, adult learners are much more
self-directed and intrinsically motivated than K-12 learners [19].
From a cognitive development perspective, some abilities, such as
memory and abstract reasoning, tend to decline after early adult-
hood, while others, such as crystallized knowledge, continue to
increase through midlife [4, 34]. These developmental changes re-
quire considerations for age-inclusive instruction. Considering both
the cognitive changes of the lifespan and the contextual differences
in learning environments, it becomes evident that the research and
practices developed for tutors may not be fully transferrable to
adult learners. Although organizational researchers have provided
guidelines for instructional design in technology-supported train-
ing contexts [33], it remains unclear how or to what extent these
principles have been applied to develop effective tutors for adults.
This knowledge gap highlights the need for further research into
the specific requirements and considerations for designing tutors
that meet the unique needs and characteristics of adult learners.

3 STUDY 1: BUILDING AND DEPLOYING
APPRENTICE TUTORS

Much of existing research on educational technology focuses on
deploying intelligent tutors in K–12 settings [1, 18, 20]. However,
it remains unclear whether these tutors have the same impact on
adult learners when used as a supplementary resource. To address
this gap and our first research question, we developed an intelligent
tutoring system specifically for adult learners, where participation
is voluntary. By analyzing tutor adoption and usage over time,
this study provides insights into how this understudied user group
interacts with educational tools.

3.1 Apprentice Tutors
We developed a web-based intelligent tutoring system platform,
calledApprentice Tutors, that is accessible viamostmodern browsers
from a mobile device or a computer, see Figure 1. Each tutor sup-
ports tutoring of multiple types of problems. Each problem type
consists of an interface to scaffold problem solving and an expert

model that can provide feedback on student input. The Apprentice
Tutors architecture was built with Python and the expert models
were built with a rete-based production rule engine [14].

To develop tutors on this platform, we performed a cognitive
task analysis with instructors [21]. Based on the information from
this analysis, we designed and programmed a tutor interface for
each specific problem type. Each step within the tutor interface is
mapped to a single skill, which is represented in the expert model
via a particular production rule.

Each tutor transaction is stored within the Apprentice Tutor
platform’s database. This allows it to track the progression of skills
over time as users continue to interact. We created an adaptive
problem selection feature to personalize the learning experience
[38]. Depending on how they would like to practice, learners can
choose between adaptive problem selection or manually select a
particular problem type within each tutor. Each tutor also generates
randomized problems for students to practice based on the user
interface constraints.

As users interact with dynamically generated problems, the tu-
tors provide real-time correctness feedback and multi-layer hints
in a text box below the tutor interface. The Apprentice Tutors plat-
form also has visualization dashboards that allow both students and
teachers to track skill mastery [16]. Apprentice Tutors allows for
the seamless deployment of tutors to classrooms. To facilitate this
goal, the interoperability standards for learning tools developed
by the IMS Global Learning Consortium [23] were used. All major
learning management systems comply with these standards and
allow educational technologies to be embedded in popular learning
management systems, such as Blackboard and Canvas.

3.1.1 Apprentice Tutors Topics. For this study, we developed four
tutors covering radicals, exponents, factoring polynomials, and
rational equations (Figure 1). Aligned with the OpenStax college
algebra textbook [28], the tutors support textbook topics. Problem
sets were designed to match worked examples, such as creating
individual tutor problems for exponent rules like power, product,
and quotient.

3.1.2 Building Expert Models. A tutoring system incorporating
a rule-based expert model is known as a cognitive tutor [2]. The
expert model generates multiple solutions, enabling personalized,
adaptive feedback by evaluating student performance against domain-
expert strategies. Combined with a knowledge tracing algorithm
[12], it also supports adaptive problem selection. Building expert
models for complex tutors is challenging due to step interdependen-
cies and the need for problem-specific and generalized reasoning
[2]. In Apprentice Tutors, each production rule represents a skill
required to complete a step. The production engine, based on [13],
dynamically composes these rules at runtime to handle varied in-
puts. Cognitive tutors improve learning by providing immediate,
personalized feedback, and adaptive problem sequencing, making
them effective for individualized instruction [2, 20, 38]. Each type
of problem in Apprentice Tutors has a dedicated interface, expert
model, and problem generator. The expert model enables correct-
ness feedback and context-sensitive hints. While developing expert
models is time-intensive, it ensures tutors function across randomly
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Figure 1: User interface of Apprentice Tutors platform with key features: (a) penalization through adaptive problem selection
(b) real-time correctness feedback (c) four available tutors (d) hint box and multi-layer hints (e) user profile screen with progress
bars corresponding to KCs.

generated problems, enhancing adaptability. Grounded in cogni-
tive theory and intelligent tutoring research, this design balances
theoretical soundness with practical effectiveness.

3.1.3 Real-TimeCorrectness Feedback. Real-time feedback has been
shown to be an effective instructional strategy, particularly in im-
proving learning outcomes and fostering immediate error correc-
tion [35]. By providing learners with timely feedback, the tutor
helps them identify and correct errors before they become ingrained,
promoting the mastery of the targeted skills. With the Apprentice
Tutors, each rule is designed to correspond to a specific step in
the interface, with computations performed by the rules stored as
variables. If the student’s input matches the output of the specific
production function linked to the interface, the input is marked as
correct. In this case, the corresponding field is highlighted in green
and is disabled to prevent further editing, prompting the user to
proceed to the next step. Conversely, if the student’s input does
not match the output of any production function, it is marked as
incorrect, and the field is highlighted in red, prompting the user
to retry the step. This functionality enables the tutor to provide
real-time correctness feedback to users (as shown in Figure 1, part
B).

3.1.4 Hinting Strategy. Each tutor has a dedicated hint box at the
bottom of the problem interface, which provides users with the
ability to request help. Multiple layers of hints were implemented
for each problem type, allowing users to access up to three tiers
of assistance (as seen in Figure 1, section D). In the initial hint,
the specific step under consideration is highlighted and the user is
prompted with a message encouraging them to tackle the particular
step. At the second hint level, an explanatorymessage is delivered in
the hint box, offering guidance on how to approach solving the step.
In the final hint tier, the solution to the step is revealed, effectively

providing the learner with a worked example. This hinting strategy
is inspired by Anderson et al. [2].

3.1.5 Adaptive Problem Selection. The Apprentice Tutors platform
provides a personalized tutoring experience through the adaptive
problem selection option (as seen in Figure 1, Section A). While
each Apprentice tutor has this adaptive selection tab, this is op-
tional, and learners may opt to click on a problem type directly.
The adaptive problem selection option personalizes the student’s
learning experience by providing them with problems that exercise
skills they have not yet mastered. Actions such as entering a tutor
step or requesting a hint are logged within the tutoring database.
Bayesian Knowledge Tracing (BKT) [12] is used to assess the stu-
dent’s mastery of each skill. BKT is an approach that models the
student’s learning using a hidden Markov model. It is commonly
used in intelligent tutoring systems [39].

3.1.6 Performance Visualization Dashboards. Visualizations of stu-
dent trajectories are increasingly used to comprehend student activ-
ity and their navigation through course content [15, 22]. To facilitate
the visualization of skill progression, we developed a dashboard
for students to view their mastery on each skill. This dashboard
displays the mastery level of each KC, broken down by the specific
problems in which these KCs are encountered (as seen in Figure 1,
part E). In addition, Guo et al. [16] developed visual analytics dash-
board for instructors that shows detailed provenance data across
multiple coordinated views [16].

3.2 Methods
We developed tutors for four college algebra topics available at sev-
eral state technical college classes spanning from September 2021 to
June 2022. The institution, which focuses on technical 2-year degree
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programs, primarily serves non-traditional adult learners return-
ing to school to acquire new skills in support of their career goals.
Adult learners present unique challenges and opportunities due
to their distinct motivations, cognitive developmental differences,
and the voluntary nature of their involvement with educational
technology. This study examines how sociotechnical factors influ-
ence tutor adoption and usage in self-directed learning contexts,
focusing specifically on adult learners. By analyzing their lived
experiences and unique needs, we aim to improve the design of
intelligent tutors to better support adult learner’s educational goals
and skill acquisition. The ultimate goal is to enhance learning out-
comes for adults, enabling them to succeed in both personal and
professional development.

During the deployment, students accessed the tutors through
the Blackboard Learn system. The use of the tutors was entirely
voluntary, and no course credit or payment was offered for their use.
Before and during the deployment, we engaged teachers through
email communications and presentations at their monthly depart-
ment meetings, providing information about the tutors, their fea-
tures, and potential benefits for students. Before starting this study,
its protocol was reviewed and approved by our institutional review
board. Upon first accessing a tutor, students were asked to consent
to participate in the study. Those who did not consent could not
use the tutors. For consenting students, data was collected on us-
age, including access times, tutor interactions, and student-course
correlations.

3.3 Results
3.3.1 Usage and Adoption. During the deployment period, 3,510
students were granted access to the Apprentice Tutors. Figure 2
illustrates the usage and retention funnel throughout the first four
academic quarters of deployment. Adoption was defined as the per-
centage of students who clicked on the tutors at least once, resulting
in an overall adoption rate of approximately 14.8%. In particular, as
the number of classes that use the system increased from 4 to 58,
the rate of initial clicks decreased from 62.84% to 13.78%. A term-
by-term breakdown of tutor deployment and adoption metrics are
stated in Table 1.

To evaluate tutor adoption, we assessed the percentage of stu-
dents who accessed the tutors and solved more than one problem.
This metric decreased slightly over time, from 17% in the first term
to 14% in the fourth term. The participation was highest during the
second term, when 22% of the students who initially accessed the
tutors proceeded to solve more than one problem.

Of the 3,510 students with access, 520 (14.8%) clicked on the
tutors at least once (Figure 2). Within this subgroup, 37 students
(0.105% of the total of 3,510) clicked on the tutors but did not sign
the consent form; Users who did not give us consent did not use
the Apprentice Tutors. Among these 520 students, 361 did not com-
plete any problems. User interactions were tracked through button
clicks, hint requests, and keyboard inputs. Of the 520 who accessed
the tutors, 158 (30.4% of 520) completed at least one problem. A
problem was considered complete if all steps were answered cor-
rectly and the “done” button was clicked. Moreover, 81 of these 158
students (51.3% of 158) eventually solved five or more problems
using Apprentice Tutors.

Cycle Term Start Date End Date Metrics

1 Spring 2022 1/3/22 5/6/22

Classes Deployed: 4
Students with Access: 76
Students with Interaction: 47
% of Possible Students Used Tutor: 61.84%
Students Finished ≥ 1 Problem: 8
% of Tutor Users Finished ≥ 1 Problem: 17.02%

2 Summer 2022 5/9/22 8/5/22

Classes Deployed: 31
Students with Access: 265
Students with Interaction: 71
% of Possible Students Used Tutor: 26.79%
Students Finished ≥ 1 Problem: 16
% of Tutor Users Finished ≥ 1 Problem: 22.54%

3 Fall 2022 8/15/22 12/18/22

Classes Deployed: 64
Students with Access: 2054
Students with Interaction: 229
% of Possible Students Used Tutor: 11.15%
Students Finished ≥ 1 Problem: 30
% of Tutor Users Finished ≥ 1 Problem: 13.10%

4 Spring 2023 1/2/23 5/14/23

Classes Deployed: 58
Students with Access: 1364
Students with Interaction: 188
% of Possible Students Used Tutor: 13.78%
Students Finished ≥ 1 Problem: 25
% of Tutor Users Finished ≥ 1 Problem: 13.30%

Table 1: Apprentice Tutor Deployment Usage Data by Cycle

3.4 Discussion
Throughout the first year of deployment, we observed a decrease
in overall usage and adoption of tutors as the implementation scale
increased from 4 to 58 classes in each term of the academic year
(presented in Table 1. The rate of initial tutor clicks decreased
from 62.84% in the first term to 13.78% in the fourth term. This
downward trend highlights several potential challenges in scaling
the deployment of intelligent tutoring systems.

One possible explanation for this finding is the reduced ability to
interact directly with the instructors as the number of participating
classes increased. At the start of the deployment, we worked closely
with the initial group of instructors, providing detailed communi-
cation, personalized training sessions, and opportunities to address
their concerns. For example, we hosted introduction sessions to
explain how the tutors worked, with the goal of making the in-
structors more comfortable incorporating technology into their
classrooms. However, as the scale grew, this level of individual par-
ticipation became less feasible, potentially affecting the instructor’s
confidence and willingness to promote the tutors to their students.

Another factor to consider is the varying alignment between the
tutors and the instructional styles of different teachers. The tutors
were initially co-designed with the input of a small group of instruc-
tors, whose preferences and teaching methods shaped the features
and content of the system. As the deployment expanded, teachers
who were not involved in the design process may have found the
tutors less intuitive or less aligned with their pedagogical practices.
This misalignment could have reduced their enthusiasm for inte-
grating technology into their lessons and encouraging students to
use it.

The voluntary nature of tutor usage may have contributed to
the decline in adoption rates. Instructors and students alike can
prioritize tools that are directly tied to grades or other extrinsic
motivators. Without a strong incentive to explore and adopt the
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Figure 2: Graphical representation of student engagement: This figure shows the flow of student interaction with the tutoring
program, starting with total access and dividing into students who used or did not use tutors. It tracks progress through
problem completion levels, highlighting those who completed no problems, one problem, and multiple problems, with further
breakdowns for students stopping at specific milestones (e.g., 2, 3, 4, or 5 problems).

tutors, some students and teachers may have opted to focus on
other resources perceived as more extrinsically beneficial. These
findings suggest the importance of understanding and addressing
the sociotechnical factors that influence adoption. Instructor par-
ticipation, alignment with teaching practices, and the presence of
motivating factors for voluntary use are critical to promoting the
adoption and sustained use of intelligent tutoring systems among
adult learners.

To address this challenge, we propose two potential strategies
for future large-scale tutor deployments targeting adult learners.
First, a robust tutorial that clearly demonstrates the benefits and
functionality of the intelligent tutor could help mitigate barriers to
understanding, especially when individual face-to-face instructor
engagement is not feasible. Second, automating engagement with
both instructors and adult learners is recommended as an area for
further research, potentially through personalized communication
strategies that speak to the motivations and needs of adult learners.

Despite the lower adoption rates, we saw encouraging signs of
user retention in tutors. Among the 3,510 students granted access,
520 (14.8%) actively clicked on the tutors. Of these 520 adopters,
158 (30.4%) solved at least one problem, and 81 (51.3% of the 158)
proceeded to solve five or more problems. An additional term-by-
term analysis revealed that the percentage of students who solved
more than one problem shifted from 17% to 14% between the first
and fourth quarters, reaching a peak at 22% during the second term.
Although these findings provide preliminary evidence that tutors
support learning and retention of usage among adult users, more
research is needed to rigorously measure the causal effects of these
systems on adult learning outcomes.

4 STUDY 2: INVESTIGATION OF CHALLENGES
The deployment of Apprentice Tutors showed a positive trend in
user retention, where nearly half of the users who solved at least one
problem continued to solve at least five or more unique problems.
Despite this, the overall adoption rate of these tutoring systems
remained at 14.8%. Our analyses suggest an inverse relationship
between the deployment scale and adoption rates. A plausible rea-
son for the lower adoption of tutors over time may have been the
decrease in direct teacher support as the tutor deployment scaled.
This support included an email nudge approach to remind teachers
to further remind their students that tutors were available as a
resource to use.

However, we were interested in investigating additional factors
that drive adoption among adult learners. To identify these factors,
we conducted a focus group study that involved collecting and
analyzing feedback from students and teachers who engaged with
Apprentice Tutors during the academic year. Analyzing this user
feedback helped to surface several critical themes, providing a
foundational basis for developers and educational content designers
to better understand the needs and challenges of adult learners.

4.1 Methods
4.1.1 Recruitment. To investigate our research questions, we con-
ducted five semi-structured focus group sessions with both students
(who used the tutors) and teachers (who agreed to tutors being
deployed in their classrooms). We recruited participants through
snowball sampling, through direct e-email, and newsletter postings.
Throughout the five sessions, we collected data from fifty-three par-
ticipants, which consisted of forty-two students and eleven teachers.
Participation in these focus groups was optional and a 15 dollar gift
card was available to participants after the completion of the ses-
sion. For the purposes of these focus groups, age and demographics
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were not used in the filtering or selection of the participants. All
participants were located in the United States and all focus groups
were conducted virtually. All virtual focus groups were about 60
minutes.

4.1.2 Teacher Engagement. Throughout the deployment, we ac-
tively engaged with teachers via email to support the adoption
of the Apprentice Tutors. During the first two terms, we offered
information sessions and in-person tutorials to help teachers be-
come more comfortable with using the tutors. However, in the third
and fourth terms, the scale of the deployment made individual-
ized assistance impractical. Instead, we worked closely with a key
point of contact who facilitated the deployment by sharing updates,
tutorials, and other relevant information with the teachers.

4.1.3 Data Collection. All participants provided their written con-
sent to participate in the focus group prior to beginning the sessions.
The discussions were grounded in key experiential feedback on how
participants responded to the tutoring systems. The discussions
were led by moderators who guided participants through a series
of open-ended questions stated below.

• Describe the main benefits of tutors?
• Describe any frustrations in using the tutors?
• Were the hints provided adequate?
• Were you able to easily understand how to use the tutors?
• Describe your comfort in recommending the tutors?
• Did the tutors reflect the course material correctly?
• Is there anything else you would like to add to the tutors?

The prompts presentedwere open-ended and semi-flexible, where
participants were given the opportunity to reflect more broadly on
their experiences through other academic contexts.

4.1.4 Data Analysis. Video recordings and verbal transcriptions of
focus groups were stored to capture data for analysis. To perform
our analysis, we used the Braun and Clarke reflexive thematic anal-
ysis framework [6–8]. This method, grounded in a post-positivist
paradigm, emphasizes the researcher’s active role in knowledge
creation and takes into account the philosophical and theoretical
underpinnings of the analytical process [7]. Reflexive thematic anal-
ysis provides greater flexibility compared to approaches that require
codebooks and reliability calculations between players, allowing
dynamic engagement with the data while maintaining analytical
rigor [7]. In addition, this approach promotes the construction of
collaborative themes through ongoing dialogue among researchers.

The data analysis process was conducted virtually over a three-
week period by six researchers. Four 90-minute collaborative ses-
sions were held, following the analysis procedures outlined by
Braun and Clarke [6]. Each author coded approximately eight
to nine transcripts, collectively producing several hundred codes.
Throughout each session, continuous discussions about codes, themes,
and key findings were held.

For organizing and categorizing codes, Miro (an online virtual
whiteboard tool) was used to facilitate collaborative analysis. Sub-
sequent sessions featured in-depth reviews and discussions of the
codes to form themes from the coded data. This open-ended ap-
proach allowed exploration without relying on predefined cate-
gories. Table 2 presents the resulting taxonomy, which outlines
overall themes, sub-themes, and examples of coded data. Although

it offers a simplified view of the themes and quotes supporting the
core recommendations, the complete analysis yielded 17 recom-
mendations and 48 themes derived from several hundred coded
excerpts.

This methodological approach allowed for a thorough inves-
tigation of adult learners’ experiences and needs in relation to
AI-powered tutoring systems, ensuring a complete understanding
of the focus group data.

4.2 Results
We identified key key adult learners’ needs that AI-powered tutor-
ing systems could address through analyzing the focus group data.
To do so, we conducted a bottom-up analytical approach within
Miro, where raw data was mapped onto color-coded digital post-it
notes. Through iterative analysis, we identified several emergent
themes, which are summarized in Table 2. This table presents the
main theme categories, specific themes, and exemplar user needs
within each theme.

The analysis yielded five primary categories of insights: percep-
tions of AI support, need for enhanced explanatory capabilities,
pathways for improved tool adoption, usability and value consid-
erations, and suggestions for additional features. Each category
encapsulates the concerns, preferences, and recommendations of
various stakeholders, highlighting areas for potential enhancement
in AI tutoring technologies to better serve adult learners and their
educators.

A prominent theme that emerged was the perceived value of AI
tutors’ “superhuman” capabilities. Participants appreciated the sys-
tem’s ability to provide support in situations where human teachers
might be unavailable or less effective. One student emphasized the
importance of flexibility: “The flexibility is key—balancing school,
work, and other commitments, the ability to access the tutor anytime,
anywhere, like during a lunch break, is incredibly beneficial.” This
sentiment was echoed by an educator who noted: “Knowing that
students have access to help anytime removes barriers to learning. It
addresses common excuses, such as not finding help late at night, by
providing a resource like the exponent tutors available at all hours.”
These remarks support the initial hypothesis regarding the suitabil-
ity of AI tutors for adult learners, highlighting the value placed on
flexible, round-the-clock support.

We received recurring feedback on tutor requirements through
focus groups with teachers and students. The data suggested that
adoption might improve if the tutors were: (a) easy to understand,
(b) easy to navigate, and (c) user-friendly. One teacher described
this perspective as follows: “Now the concept is great. What I was
thinking when I first heard of this is, you know I don’t delve deeply into
simplifying radicals because I don’t have the time. If I had somewhere
where they could go practice on simplifying radicals, that would be
great. But if it was one that was easy to understand and easy to get
through and user friendly, Amen.”

As shown in Table 2, five key themes emerged from these focus
groups:

• AI Support Perceptions: Concerns were raised that tutors
could reduce the total amount of “human” or “human-like”
interaction (“It takes out the human factor... the AI isn’t
gonna understand that there might be some barriers...” ), but
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Key Intelligent Tutor Themes Participant Quotes from Focus Groups

A
Is
up

po
rt
Fe
el
in
gs Users are concerned that tutors will decrease the over-

all amount of “human” and “human-like” interaction,
which they think will decrease learning

S: “I think one thing that’s true of AI, whether that’s a tutor or not, is
it takes out the human factor. The AI isn’t gonna understand that there
might be some barriers from it trying to walk you through something that
it can’t see.”

Users like “superhuman” aspects of tutor, where it pro-
vides support a human teacher cannot

T: “The positive aspect for me is knowing that there’s something out there
to help strengthen those concepts that students have seen before but haven’t
seen in a while and they may need some more guided, some more practice
on them or I can’t, I can’t spend a lot of time on a particular topic but
maybe they can get more practice on that topic if they’re struggling on
that topic.”

Tu
to
rH

in
ts
Su

pp
or
t Users find current hints and feedback to be insufficient

and want clearer, more detailed explanations that help
students understandwhat they didwrong, how the tutor
got the answers it got, and that help them get “unstuck”

S: “So I click next hint and it just gives me the answer and I don’t know
how it got that answer so that it didn’t click for me. I was just, I kind of
gave up on using it.”

Users want tutors to explicitly connect and link to rele-
vant concepts and explanatory content

T: “When I finally went into the OpenStax textbook and I’m like, OK,
that’s what they’re referring to as B and C and I’m like, they’re defined as
this and this, I think that would be helpful is if that were clearly displayed,
you know. An example of, here’s an example of a problem this is what we
think.”

Users would like tutors to link to explanatory videos to
support their learning

S: “YouTube as well [for getting unstuck on a problem]. There’s, a lot of
teachers on there and sometimes they just explain it different and I get it
from watching several different peoples’ method of doing it.”

Users think it would be helpful if they could ask the
tutor questions and have dialogue-based interactions

S: [What would be a characteristic of an ideal tutor?] “Something that’s
gonna have a conversation with you rather than feeling like I’m just
plugging something into a calculator.”

To
ol

A
do

pt
io
n Teachers want more tutor content and they want to be

able to create and customize it
T: “I don’t know if I have the skills to build my own tutor, but it would
nice to create my own tutor problems”

Teacher adoption depends on them understanding how
tutors work and seeing alignment between tutors and
course content

T: “If I am confused on what the tutor interface says, how can I tell the
students to use the tutors?”

Users are willing to provide time and data to improve
the tutor

T: Two teachers - In response to the question of whether they would be
willing to collaborate with the development team to address the deficiencies
in the tutor: ”Yes, absolutely”

U
sa
bi
lit
y
&
Va

lu
e
Co

ns
id
er
at
io
ns Users are more likely to adopt tutors if they see a clear

benefit/incentive and if they are “reminded”
T: “I don’t think I have done a good job reminding students to do the tutor”

Users find tutors frustrating & confusing and we need
to increase their usability and provide more support
(e.g., tutorial videos) before their value will be realized

T: “Now the concept is great... You know I don’t delve deeply into simpli-
fying radicals because I don’t have the time. But if it was one that was
easy to understand and easy to get through and user friendly, Amen.”

Users had many usability/bug issues that produced con-
fusion

S: “Let’s pull up the exponents product rule, there was no way to show
what we need to type in the first box? In this particular problem, what is
the correct answer here [the hint box showed the answer in LaTeX notation
which was hard to understand]”

Teachers are frustrated they cannot see who is using the
tutor, how tutor use relates to student progress/learning,
or evidence of tutor effectiveness.

T: “I was also frustrated, I couldn’t see who was accessing it. I would have
to rely on students [to tell me]”

Teachers found simpler tutors less confusing T: “The tutor is pretty, like it kind of speaks for itself since it’s pretty
simplistic.”

Fe
at
ur
es Users had several features they liked also suggested new

possible features
S: “Is there a possibility for if you get the question incorrect after so many
times, it tells you how to move on.”

There are a couple of key subpopulations (minors and
neurodiverse user demographics) we should identify
and design for

S: “I have a learning disability called Dyscalculia. And the unfortunate
bit is the AI tutor doesn’t seem to take that into consideration.”

Table 2: Thematic analysis of stakeholder perspectives on Apprentice tutors: This table synthesizes feedback from students (S)
and teachers (T) regarding their experiences with AI tutoring systems.
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users also valued “superhuman” capabilities beyond what a
single instructor can provide (“If they can get more practice
on that topic... maybe they can get more practice on that topic
if they’re struggling...” ).

• Tutor Hints Support: Participants indicated that current
hints and feedback are insufficient and need to be more
detailed, including clear explanations of how answers are
obtained (“I click next hint and it just gives me the answer
and I don’t know how it got that answer...” ). Requests were
also made for links to relevant content, explanatory videos,
and the ability to ask the tutor direct questions.

• Tools Adoption: Teachers expressed a need for more tu-
tor content and customizable options (“You guys need to
make this similar to a homework platform...” ). Adoption
also depended on understanding how tutors work, seeing
alignment between tutors and the curriculum, and having
sufficient time to integrate tutors into the classroom.

• Usability&ValueConsiderations: The participantswanted
a clearer incentive or benefit for using the tutors and em-
phasized the importance of reminders. Some found the
tutors confusing or difficult to use, highlighting a need
for increased usability, tutorials, and reduced bugs (“When
you go to the radicals tutor, there were so many unnecessary
steps...” ). Teachers also wanted visibility into how students
used tutors and how usage was related to learning out-
comes.

• More Features: Several preferred features were mentioned,
such as greater flexibility in problem-solvingmethods (“There’s
also a bunch of different options you can choose for the prob-
lem...” ) and specialized support for subpopulations (e.g.,
minors, neurodiverse learners) with specific needs (“I have
a learning disability called Dyscalculia. And the unfortunate
bit is the AI tutor doesn’t seem to take that into considera-
tion.” ).

Based on these themes, we derived the following recommenda-
tions for tutoring platforms beyond Apprentice Tutors.

• Incorporate human elements: To address concerns about
reduced human interaction, features that simulate human-
like dialogue (e.g., ability to send teachers a note) are recom-
mended. These features respond to feedback indicating that
users value personalized, interactive support that reduces
feelings of isolation and facilitates deeper engagement. Re-
search on social presence in online learning [32] supports
the importance of such features in fostering a sense of con-
nection.

• Align with curriculum: Co-designing intelligent tutor
content to integrate seamlessly with existing course ma-
terials is crucial. While the content was aligned with the
curriculum, teachers often struggled to see the explicit map-
ping between the tutor content and their instructional goals,
leading to frustration and the perception of tutors as “extra
work.” Instructional alignment, when clearly communicated
and supported, is a well-established factor in improving
learning outcomes [3].

• Demonstrate value clearly: Tutoring platforms should
transparently showcase their benefits, such as highlighting

“superhuman” capabilities (e.g., providing instant feedback
or adaptive problem selection) and offering visible progress
indicators for students. Focus group participants empha-
sized the importance of clear, visible benefits to motivate
sustained use and build trust in the platform’s effectiveness.
Additionally, incorporating visualization dashboards for
both teachers and students can enhance the user experi-
ence. For teachers, dashboards can provide insights into
student progress, performance trends, and areas needing
additional support. For students, progress dashboards can
serve as motivational tools, allowing them to track their
achievements and understand their learning journey.

• Streamline onboarding: An intuitive onboarding experi-
ence minimizes the initial cognitive load for both students
and teachers, addressing common feedback on frustration
and confusion when interacting with the platform. Effec-
tive onboarding may include tutorial videos, step-by-step
guides, and streamlined user interfaces, which align with
research on reducing extraneous cognitive load to improve
usability [36].

• Harmonize teaching approaches: Positioning the tutor
as an extension of classroom instruction, rather than a re-
placement, is essential to facilitate greater adoption. While
the system was positioned in this way, some teachers still
perceived it as potentially competing with their role. To
address this, framing the technology as “AI-guided practice”
rather than “tutors” may better communicate its purpose as
a tool to reinforce learning rather than teach independently.
This could ease concerns about dehumanization, clarify its
intended use, and empower educators to integrate it more
effectively into their course.

These recommendations are designed to address the needs and
concerns identified in focus groups, potentially enhancing the ef-
fectiveness and adoption of AI tutoring systems for adult learners.

4.3 Discussion
The focus group sessions and subsequent data analysis revealed a
complex interplay of factors that can hinder the wider adoption
of tutoring systems among adult learners. Although the results
section highlighted several positive aspects and demonstrated the
potential of these systems, a number of additional insights surfaced
that point to challenges in real-world implementation.

A key theme involved the value of tutors for non-traditional
students returning to education after extended gaps. As noted in
the results section, participants described these technologies as
especially useful for refreshing foundational skills, suggesting that
tutors may help foster academic re-engagement among adults who
have been distant from formal study for significant periods. How-
ever, instances of user frustration were also identified, primarily
resulting from difficulties in navigating tutor interfaces and in-
tegrating tutor activities into broader learning tasks. The lack of
tutorials or instructional videos was frequently cited as a barrier,
reinforcing the idea that onboarding processes should be intuitive
and transparent.

Another issue concerned the diversity of teaching methodolo-
gies within the same academic subject. Disparities between tutors’
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instructional methods and the approaches used by some instructors
led to confusion and, ultimately, reduced buy-in. As noted in the
results, tutor customization emerged as a recurrent topic: teach-
ers expressed a desire for flexible authoring tools that would let
them customize tutors to more closely align with their unique ped-
agogical styles. The need for instructor involvement was further
emphasized by the limited incentives that sometimes restricted the
willingness of teachers to invest time learning new technologies. In
addition, the tutor system examined in this study was limited to a
small set of course chapters, and many educators wanted concrete,
visual evidence of tutor effectiveness - preferences that, if not met,
could diminish adoption rates.

We found that sociotechnical factors played an important role
in the adoption of tutors beyond just effectiveness. These factors
include ease of use, technological infrastructure, scheduling con-
straints, and alignment with curriculum objectives. Adult learners,
in particular, can face additional barriers such as limited time, com-
peting responsibilities, and varying levels of digital fluency. These
elements underscore the importance of holistic approaches to de-
signing and deploying AI tutors that address not only instructional
goals but also practical considerations of user contexts.

Subsequently, the recommendations we provided are grounded
in qualitative analysis of user feedback, which highlighted both
recurring challenges and opportunities for improvement. For in-
stance, the emphasis on curriculum alignment stems from teacher’s
frustration with tutors that were perceived as disconnected from
their lesson plans, often resulting in reduced adoption. Similarly,
addressing concerns about the impersonal nature of AI systems
requires focusing on how the technology can support students
in need of human assistance. For example, intelligent tutors can
help by reducing the workload on teachers, enabling them to allo-
cate more time and attention to students who require additional
support. By providing targeted feedback, these systems can create
opportunities for more meaningful teacher-student interactions.

Feedback on the complexity and confusion of tutor interfaces
informed the need for streamlined onboarding processes, which
aim to reduce cognitive load and improve the initial user experience.
By addressing these pain points and integrating the insights from
the focus groups, these recommendations aim to create a more
user-centric tutoring platform that could improve overall adoption
and recurring usage.

5 LIMITATION AND FUTUREWORKS
The Apprentice Tutors were built as a testbed to investigate how to
design and deploy tutors for adult learning contexts. Throughout
these deployments, several limitations were identified that may
have affected overall tutor usage and adoption. A primary con-
cern involves the lack of incentives for teachers to integrate such
technologies into their classrooms. Teachers’ busy schedules re-
quire tutors that blend seamlessly with existing workflows, without
requiring a steep learning curve.

The findings also indicate that teachers expressed their hesi-
tation in part because the system covered only the initial course
chapters and lacked a compelling demonstration of tutor effective-
ness through visual representations of student performance. To
address these issues, future work will focus on redesigning the

tutors based on the recommendations provided, incorporating in-
structional materials such as textbook resources and lecture videos.
This approach is intended to enrich the learning experience by
offering more comprehensive hints and aligning more closely with
the course content.

In addition, future work should expand tutor coverage to encom-
pass a broader range of course material, and model tracing will be
integrated alongside knowledge tracing and learning analytics visu-
alizations. These enhancements will provide users with more robust
tools to track progress and better understand the problem-solving
steps. Future research will involve redeploying these improved tu-
tors and examining their impact over time through longitudinal
studies across multiple deployments. Such investigations will facili-
tate a deeper understanding of how to develop scalable pedagogical
technologies that effectively support adult learning.

6 CONCLUSION
There is an unexplored potential in understanding how intelligent
tutors can impact adult learners and whether population would
adopt educational technologies. The Apprentice Tutors were devel-
oped and deployed as a case study to explore the specific needs of
adult learners who engage with intelligent tutoring systems. Our
preliminary work yielded quantitative tutor usage and user reten-
tion after several problems were completed. Despite these positive
results, a gradual decline in the adoption of these tutors was ob-
served over time. This observation led to a subsequent study that
aimed to elicit teacher and student experienceswith and perceptions
of intelligent tutors in adult learning contexts. In this second study,
we conducted focus groups to collect qualitative insights from both
students and teachers who interacted with the tutors. Analysis of
this data through thematic analysis revealed several themes that
informed a strategic roadmap for enhancing the Apprentice Tutors
platform. Furthermore, these insights were synthesized into gen-
eral recommendations for developers and instructional designers,
aimed at improving the engagement and adoption rates of intelli-
gent tutoring systems more broadly. The goal of this research is to
contribute to the widespread implementation of intelligent tutors,
ensuring that these advanced educational tools are accessible and
equitable to adult learners seeking opportunities for educational
growth.

REFERENCES
[1] V. Aleven, B.M. McLaren, J. Sewall, and K.R. Koedinger. 2006. The Cognitive Tutor

Authoring Tools (CTAT): Preliminary Evaluation of Efficiency Gains. In Intelligent
Tutoring Systems (Lecture Notes in Computer Science, Vol. 4053), M. Ikeda, K.D.
Ashley, and T.W. Chan (Eds.). Springer, Berlin, Heidelberg, 61–70. https://doi.
org/10.1007/11774303_7

[2] J. R. Anderson, A. T. Corbett, K. R. Koedinger, and R. Pelletier. 1995. Cognitive
tutors: Lessons learned. Journal of the Learning Sciences 4, 2 (1995), 167–207.

[3] Lorin W Anderson and David R Krathwohl. 2001. A taxonomy for learning,
teaching, and assessing: A revision of Bloom’s taxonomy of educational objectives.
Longman Publishing.

[4] Paul B. Baltes. 1997. On the Incomplete Architecture of Human Ontogeny:
Selection, Optimization, and Compensation as Foundation of Developmental
Theory. American Psychologist 52, 4 (1997), 366–380. https://doi.org/10.1037/0003-
066X.52.4.366

[5] Matthew L Bernacki, Meghan J Greene, and Nikki G Lobczowski. 2021. A
systematic review of research on personalized learning: Personalized by whom,
to what, how, and for what purpose (s)? Educational Psychology Review 33, 4
(2021), 1675–1715.

[6] V. Braun and V. Clarke. 2006. Using thematic analysis in psychology. Qual-
itative Research in Psychology 3, 2 (2006), 77–101. https://doi.org/10.1191/

https://doi.org/10.1007/11774303_7
https://doi.org/10.1007/11774303_7
https://doi.org/10.1037/0003-066X.52.4.366
https://doi.org/10.1037/0003-066X.52.4.366
https://doi.org/10.1191/1478088706qp063oa
https://doi.org/10.1191/1478088706qp063oa


Adit Gupta, Momin Siddiqui, Glen Smith, Jennifer Reddig, and Christopher MacLellan

1478088706qp063oa
[7] V. Braun and V. Clarke. 2019. Reflecting on reflexive thematic analysis. Qualitative

Research in Sport, Exercise and Health 11, 4 (2019), 589–597. https://doi.org/10.
1080/2159676X.2019.1628806

[8] V. Braun and V. Clarke. 2021. One size fits all? What counts as quality practice
in (reflexive) thematic analysis? Qualitative Research in Psychology 18, 3 (2021),
328–352. https://doi.org/10.1080/14780887.2020.1769238

[9] Mark Bray. 2013. Shadow Education: The Rise of Private Tutoring and Associated
Equity Issues. UNESCO.

[10] Mark Bray and Chad Lykins. 2012. Shadow Education: Private Supplementary
Tutoring and Its Implications for Policy Makers in Asia. Asian Development Bank
and Comparative Education Research Centre.

[11] Soo-yong Byun and Hyunjoon Park. 2012. The Academic Success of East Asian
American Youth: The Role of Shadow Education. Sociology of Education 85, 1
(2012), 40–60.

[12] Albert T Corbett and John R Anderson. 1994. Knowledge tracing: Modeling the
acquisition of procedural knowledge. User modeling and user-adapted interaction
4 (1994), 253–278.

[13] Robert B. Doorenbos. 1995. Production Matching for Large Learning Systems.
Ph. D. Dissertation. Carnegie Mellon University, Pittsburgh, PA, USA. https:
//www.bibsonomy.org/bibtex/28b94ff6f9fb99328031b2b4491a56282/atrus

[14] Charles L Forgy. 1989. Rete: A fast algorithm for the many pattern/many object
pattern match problem. In Readings in Artificial Intelligence and Databases.
Elsevier, 547–559.

[15] Maggie Celeste Goulden, Eric Gronda, Yurou Yang, Zihang Zhang, Jun Tao,
Chaoli Wang, Xiaojing Duan, G Alex Ambrose, Kevin Abbott, and Patrick Miller.
2019. CCVis: Visual analytics of student online learning behaviors using course
clickstream data. Electronic Imaging 31 (2019), 1–12.

[16] Grace Guo, Aishwarya Mudgal Sunil Kumar, Adit Gupta, Adam Coscia, Chris
Maclellan, and Alex Endert. 2024. Visualizing Intelligent Tutor Interactions
for Responsive Pedagogy. In Proceedings of the 2024 International Conference
on Advanced Visual Interfaces (Arenzano, Genoa, Italy) (AVI ’24). Association
for Computing Machinery, New York, NY, USA, Article 45, 9 pages. https:
//doi.org/10.1145/3656650.3656667

[17] John Hattie and Helen Timperley. 2007. The power of feedback. Review of Edu-
cational Research 77, 1 (2007), 81–112. https://doi.org/10.3102/003465430298487

[18] N.T. Heffernan and C.L. Heffernan. 2014. The ASSISTments Ecosystem: Building
a Platform that Brings Scientists and Teachers Together for Minimally Invasive
Research on Human Learning and Teaching. Int J Artif Intell Educ 24 (2014),
470–497. https://doi.org/10.1007/s40593-014-0024-x

[19] Ruth Kanfer, Julia E. Melkers, Corey E. Tatel, and Sibley F. Lyndgaard. 2022.
Learning While Working: Course Enrollment Behaviour as a Macro-Level In-
dicator of Learning Management Among Adult Learners. Journal of Learning
Analytics 9, 3 (2022), 25–42. https://doi.org/10.18608/jla.2022.7625

[20] Kenneth R. Koedinger, John R. Anderson, William H. Hadley, and Mary A. Mark.
1997. Intelligent Tutoring Goes To School in the Big City. International Journal
of Artificial Intelligence in Education 8 (1997), 30–43. ffhal-00197383.

[21] M. C. Lovett. 1998. Cognitive task analysis in service of intelligent tutoring
systems design: A case study in statistics. In Intelligent Tutoring Systems, B. P.
Goettl, H.M. Halff, C. L. Redfield, and V. J. Shute (Eds.). Lecture Notes in Computer
Science, Vol. 1452. Springer, New York, 234–243.

[22] Karsten Øster Lundqvist and Steven Warburton. 2019. Visualising learning
pathways in MOOCs. In 2019 IEEE Learning With MOOCS (LWMOOCS). IEEE,
185–190.

[23] Clifford A. Lynch and Neil McLean. 2004. Interoperability between Information
and Learning Environments–Bridging the Gaps. White paper. IMS Global Learning
Consortium and Coalition for Networked Information.

[24] Sibley F Lyndgaard, Corey E Tatel, Victoria Pham, Julia E Melkers, and Ruth
Kanfer. 2024. Towards a multidimensional measure of self-efficacy in the adult
learning ecosystem. International Journal of Lifelong Education (2024), 1–24.

[25] C.J. MacLellan and K.R. Koedinger. 2022. Domain-General Tutor Authoring with
Apprentice Learner Models. Int J Artif Intell Educ 32 (2022), 76–117. https:
//doi.org/10.1007/s40593-020-00214-2

[26] Tom Murray, Stephen Blessing, and Shaaron Ainsworth. 2003. Authoring Tools
for Advanced Technology Learning Environments: Toward Cost-Effective Adaptive,
Interactive and Intelligent Educational Software. Kluwer Academic Publishers.
https://doi.org/10.1007/978-94-017-0819-7

[27] Utkarsh Nattamai Subramanian Rajkumar, Sibley F. Lyndgaard, and Ruth Kanfer.
2024. Intelligent Tutors for Adult Learning at Scale: A Narrative Review. In
Proceedings of the Eleventh ACM Conference on Learning @ Scale (Atlanta, GA,
USA) (L@S ’24). Association for Computing Machinery, New York, NY, USA,
289–294. https://doi.org/10.1145/3657604.3664692

[28] OpenStax. 2020. Intermediate Algebra, 2e. OpenStax College. https://openstax.
org/details/books/intermediate-algebra-2e

[29] John Pane, Beth Ann Griffin, Daniel Mccaffrey, and Rita Karam. 2014. Effective-
ness of Cognitive Tutor Algebra I at Scale. Educational Evaluation and Policy
Analysis 36 (06 2014), 127–144. https://doi.org/10.3102/0162373713507480

[30] Zachary A. Pardos, Matthew Tang, Ioannis Anastasopoulos, Shreya K. Sheel,
and Ethan Zhang. 2023. OATutor: An Open-source Adaptive Tutoring System
and Curated Content Library for Learning Sciences Research. In Proceedings
of the 2023 CHI Conference on Human Factors in Computing Systems (Hamburg,
Germany) (CHI ’23). Association for Computing Machinery, New York, NY, USA,
Article 416, 17 pages. https://doi.org/10.1145/3544548.3581574

[31] Leena Razzaq, Jozsef Patvarczki, Shane F. Almeida, Manasi Vartak, Mingyu
Feng, Neil T. Heffernan, and Kenneth R. Koedinger. 2009. The ASSISTment
Builder: Supporting the Life Cycle of Tutoring System Content Creation. IEEE
Transactions on Learning Technologies 2, 2 (2009), 157–166. https://doi.org/10.
1109/TLT.2009.23

[32] Jennifer C Richardson, Yukiko Maeda, Jing Lv, and Secil Caskurlu. 2017. Social
presence in relation to students’ satisfaction and learning in the online environ-
ment: A meta-analysis. Computers in Human Behavior 71 (2017), 402–417.

[33] Eduardo Salas, Scott I. Tannenbaum, Kurt Kraiger, and Kimberly A. Smith-Jentsch.
2012. The science of training and development in organizations: What matters
in practice. Psychological Science in the Public Interest 13, 2 (2012), 74–101.
https://doi.org/10.1177/1529100612436661

[34] K.Warner Schaie. 2005. Developmental Influences on Adult Intelligence: The Seattle
Longitudinal Study (1st ed.). Oxford Academic, New York. https://doi.org/10.
1093/acprof:oso/9780195156737.001.0001 Online edition, accessed 13 Nov. 2024.

[35] Valerie J. Shute. 2008. Focus on formative feedback. Review of Educational
Research 78, 1 (2008), 153–189. https://doi.org/10.3102/0034654307313795

[36] John Sweller. 1988. Cognitive load during problem solving: Effects on learning.
Cognitive science 12, 2 (1988), 257–285.

[37] Aysit Tansel and Fatma Bircan. 2006. Demand for education in Turkey: A tobit
analysis of private tutoring expenditures. Economics of Education Review 25, 3
(2006), 303–313.

[38] Kurt Vanlehn. 2006. The Behavior of Tutoring Systems. Int. J. Artif. Intell. Ed. 16,
3 (aug 2006), 227–265.

[39] M.V. Yudelson, K.R. Koedinger, and G.J. Gordon. 2013. Individualized Bayesian
Knowledge Tracing Models. In Artificial Intelligence in Education. AIED 2013.
Lecture Notes in Computer Science, H.C. Lane, K. Yacef, J. Mostow, and P. Pavlik
(Eds.), Vol. 7926. Springer, Berlin, Heidelberg. https://doi.org/10.1007/978-3-642-
39112-5_18

https://doi.org/10.1191/1478088706qp063oa
https://doi.org/10.1080/2159676X.2019.1628806
https://doi.org/10.1080/2159676X.2019.1628806
https://doi.org/10.1080/14780887.2020.1769238
https://www.bibsonomy.org/bibtex/28b94ff6f9fb99328031b2b4491a56282/atrus
https://www.bibsonomy.org/bibtex/28b94ff6f9fb99328031b2b4491a56282/atrus
https://doi.org/10.1145/3656650.3656667
https://doi.org/10.1145/3656650.3656667
https://doi.org/10.3102/003465430298487
https://doi.org/10.1007/s40593-014-0024-x
https://doi.org/10.18608/jla.2022.7625
https://doi.org/10.1007/s40593-020-00214-2
https://doi.org/10.1007/s40593-020-00214-2
https://doi.org/10.1007/978-94-017-0819-7
https://doi.org/10.1145/3657604.3664692
https://openstax.org/details/books/intermediate-algebra-2e
https://openstax.org/details/books/intermediate-algebra-2e
https://doi.org/10.3102/0162373713507480
https://doi.org/10.1145/3544548.3581574
https://doi.org/10.1109/TLT.2009.23
https://doi.org/10.1109/TLT.2009.23
https://doi.org/10.1177/1529100612436661
https://doi.org/10.1093/acprof:oso/9780195156737.001.0001
https://doi.org/10.1093/acprof:oso/9780195156737.001.0001
https://doi.org/10.3102/0034654307313795
https://doi.org/10.1007/978-3-642-39112-5_18
https://doi.org/10.1007/978-3-642-39112-5_18

	Abstract
	1 Introduction
	2 Related Works
	3 Study 1: Building and Deploying Apprentice Tutors
	3.1 Apprentice Tutors
	3.2 Methods
	3.3 Results
	3.4 Discussion

	4 Study 2: Investigation of Challenges
	4.1 Methods
	4.2 Results
	4.3 Discussion

	5 Limitation and Future Works
	6 Conclusion
	References

