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Figure 1: From fixed online learning workflows to personalized and adaptive support — The figure contrasts a typical online 
learning workflow (left), where learners often struggle with cold start problems ( A ), limited timely support ( B ), and fixed 
learning plans ( C ), with the LearnMate2 workflow (right). LearnMate2 addresses these challenges through PlanMate for person-
alized study planning ( A ), StudyMate for real-time contextual assistance ( B ), and AdaptMate for adaptive learning activities 
based on quiz performance and progress ( C ). 

ABSTRACT 
Personalization is crucial for effective learning, yet online learn-
ing, designed for widespread availability and open access, lacks 
personalized guidance. Recent advancements in large language 
models (LLMs) offer opportunities to bridge this gap. We explore 
how LLM-driven tools may be designed to support personalized 
and adaptive learning and examine how they shape user experi-
ence and learning outcomes. We iteratively designed LearnMate2

to support online learning by providing personalized study plans, 
real-time contextual assistance, and adaptive learning activities. A 
preliminary study (𝑛 = 24) assessed the effectiveness and usability 
of LearnMate2 and informed refinements in our system, which we
then evaluated (𝑛 = 16) against a combination of a state-of-the-art 
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online learning platform and an LLM for learning support. Results 
indicate that LearnMate2 advances AI pedagogy by improving both
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learning and support tools. This work advances our understanding 
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1 INTRODUCTION 
Online education has transformed access to learning by making 
educational content available across geographic, economic, and 
scheduling constraints [5, 9, 38, 43, 56, 77]. Online platforms now 
support millions of learners, from students in underserved areas 
to working professionals pursuing continuing education, through 
resources such as video lectures, tutorials, digital textbooks, and 
curated articles [60]. As a result, online learning has become an 
essential part of modern education. 

Despite these benefits, current online learning platforms often 
provide limited personalized support. Many still adopt a one-size-
fits-all model, presenting standardized content without adequately 
accounting for differences in learners’ goals, pace, progress, or sup-
port needs [31]. This limitation is reflected in persistent challenges 
such as low completion rates and reduced satisfaction in large-scale 
online courses, where learners often receive little individualized 
guidance [21]. Prior work points to three recurring gaps in online 
learning environments. First, learners often struggle to plan and 
regulate their study process without instructor guidance, leading 
to difficulties with time management and goal setting [8, 82]. Sec-
ond, learners often lack timely instructional support while actively 
studying, making it difficult to receive clarification or scaffolding 
when confusion arises [35, 71, 73]. Third, many systems collect 
performance data but do not effectively translate it into adaptive 
interventions that respond to learners’ ongoing progress [51, 57]. 

Recent advances in artificial intelligence (AI), particularly large 
language models (LLMs), create new opportunities to address these 
gaps. Emerging AI-based educational systems have shown promise 
in areas such as adaptive feedback, personalized content genera-
tion, and in-situ learning support [14, 39, 69]. However, it remains 
unclear how such capabilities should be integrated into online 
learning workflows as a coordinated form of personalization rather 
than as isolated features. In particular, the effects of different LLM-
supported personalization mechanisms on learner performance and 
user experience remain underexplored. Recent work has begun to 
explore LLM-based personalization in online learning [61, 79, 80], 
providing a foundation for studying how these mechanisms can be 
designed and evaluated more systematically. 

In this paper, we extend the personalization framework of Wang 
et al. [79] through LearnMate2 , an LLM-powered personalized and 
adaptive learning support system for online learning. LearnMate2 

integrates three components that correspond to the gaps above: 
(1) PlanMate, which generates personalized study plans based on 
four dimensions—goals, time, pace, and path; (2) StudyMate, which 
provides real-time contextual assistance during learning sessions 
through progressive disclosure, follow-up explanations, practice 
questions, and external resources; and (3) AdaptMate, which adjusts 
learning activities and study plans based on quiz performance and 
learning progress. Together, these components form a closed-loop 
learning workflow in which planning, studying, and adaptation con-
tinuously inform one another. At a high level, we investigate, what 

are the overall effects of personalization on learning outcomes in on-
line learning? More specifically, this paper addresses the following 
research questions: 

(1) RQ1: How do personalized study plans support learners’ 
planning and learning experience? 

(2) RQ2: How does real-time contextual assistance during learn-
ing sessions support learners’ performance and learning 
experience? 

(3) RQ3: How do adaptive learning activities affect learners’ 
progress and learning experience? 

(4) RQ4: How does a personalization workflow that integrates 
these components affect the learner’s learning outcomes and 
experience? 

To answer these research questions, we designed and developed 
LearnMate2 and conducted two studies. Across these studies, we 
examine learning performance primarily through quiz performance 
and learning experience through participants’ reported usability 
and satisfaction. We first conducted a preliminary study (𝑛 = 24) to 
assess how well the system supported personalized learning and to 
identify usability issues. We then refined the system and conducted 
a final user study (𝑛 = 16) comparing LearnMate2 against a work-
flow combining a state-of-the-art online learning platform and an 
LLM used for learning support. Our results show that LearnMate2 

improves quiz performance and user experience compared to exist-
ing online learning and support tools. Our work makes the follow-
ing contributions: 

(1) System contribution: We present LearnMate2 , an LLM-based 
learning system that integrates personalized study planning 
based on four-dimensional guidelines (PlanMate), course-
grounded real-time contextual assistance with progressive 
disclosure (StudyMate), and formative plan adaptation based 
on quiz performance and learning progress (AdaptMate). 

(2) Empirical contribution: We evaluate LearnMate2 through a 
preliminary study (𝑛 = 24) and a user study (𝑛 = 16) to un-
derstand its effectiveness, the contributions of its individual 
components, and the value of the integrated workflow. 

(3) Design implications: We present design implications for AI-
driven educational tools that conceptualize personalization 
as a continuous learning workflow, emphasize course-grounded 
and in-situ support, and enable mixed-initiative, learner-
steerable adaptation. 

2 RELATED WORKS 

2.1 Personalized Learning in Online 
Environments 

Personalized learning is defined as “instruction that is paced to 
learning needs, tailored to learning preferences, and tailored to 
the specific interests of different learners” [75]. For digital learning 
contexts specifically, Bernacki et al. [8] characterizes personalized 
learning environments as systems that must be: (1) adaptive to in-
dividual knowledge, experience, and interests, and (2) effective and 
efficient in supporting and promoting desired learning outcomes. 
In 2022, Maier and Klotz [51] developed an analytic framework for 
personalized feedback implementations that distinguishes three 
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hierarchical levels: microscale feedback (referring to one item or as-
signment), mesoscale feedback (referring to specific learning goals 
or assessments), and macroscale feedback (referring to extended 
learning periods such as weekly feedback during a semester). 

Personalized learning offers several crucial benefits, including im-
proved learning effectiveness through enhanced interactive engage-
ment and real-time adaptive content delivery [70, 72], increased 
accountability through transparent learning analytics and explain-
able recommendation mechanisms that enable learners to track 
their progress and understand the rationale behind personalized 
content delivery [27], broader accessibility through flexible learn-
ing pathways and device-agnostic platforms that accommodate 
diverse learner needs, socioeconomic contexts, and technological 
constraints [2, 57], and enhanced efficiency through personalized 
recommendation systems that identify and deliver relevant learning 
resources, eliminating manual content discovery. 

Prior to LLM-based approaches, personalization in online learn-
ing was primarily achieved through structured adaptive systems 
and rule-based learning technologies. At the learner-task level, sys-
tems such as Cognitive Tutors provided step-by-step instructional 
guidance tailored to individual performance, demonstrating how 
adaptation could support learners during problem solving [3, 41]. 
At the course level, frameworks such as MOOClet [66] enabled 
instructors and platform designers to personalize aspects of online 
courses through experimentation and performance-based adjust-
ments. More broadly, online learning platforms have incorporated 
foundational personalization features such as content recommen-
dation based on learning history, progress tracking, and rule-based 
feedback [8, 68]. For example, Coursera [20] offers course recom-
mendations and limited quiz-based branching, while OnTask [59] 
supports instructor-configured personalized feedback based on as-
sessment and engagement data [57, 64]. 

These systems show that personalization in online learning is 
not new. However, prior approaches have largely depended on pre-
authored rules, historical usage patterns, or instructor-configured 
interventions, which limits their ability to provide flexible, real-time, 
and context-sensitive support across the full learning workflow. As 
a result, two important gaps remain: learners often face a cold 
start problem and lack structured guidance when beginning a new 
subject, and many systems provide static, rule-based support rather 
than real-time assistance during learning sessions [29, 40, 51, 57]. 

2.2 Adaptive Learning Systems and Activities 
Adaptive learning is an educational technology that dynamically 
adjusts instructional content to provide personalized learning paths 
for individual learners [52]. This approach contributes to online 
education in two primary ways: (1) enhances learner confidence 
through calibrated challenges and personalized feedback that pro-
mote positive self-judgments of competence and capability [50]. (2) 
improves learning autonomy through self-organizing systems that 
enable learners to independently discover critical features, conduct 
hypothesis testing, and adapt without external supervision [34, 36]. 

Traditional adaptive learning platforms often follow rule-based 
approaches, presenting predetermined content sequences based on 
simple performance metrics without considering learners’ unique 
characteristics and preferences [32]. These systems face significant 

challenges, including cognitive bottlenecks, disciplinary fragmen-
tation, and limitations in emotional modeling that prevent truly 
intelligent learning experiences [49]. Modern AI-driven adaptive 
learning systems use data-driven algorithms, machine learning, 
and big data analytics to dynamically adjust content, delivery, and 
instructional pace based on individual learner characteristics, per-
formance data, and behavioral patterns [32, 40, 55]. For example, 
systems now employ deep knowledge tracing to model student 
knowledge states and predict performance, while platforms like 
Carnegie Learning utilize AI-powered technology to generate per-
sonalized assignments [55, 76]. 

However, despite rapid development in AI adaptive learning tech-
nologies, current implementations face significant limitations. First, 
there remains a lack of comprehensive research on actual deploy-
ment and effectiveness evaluation in online learning environments, 
with most work confined to theoretical frameworks rather than 
empirical validation [32, 76]. Second, most systems continue to 
depend on instructor input rather than providing fully autonomous 
learning support that can adapt based on ongoing performance 
assessment and learning progress [37, 51]. 

2.3 AI and LLM Applications in Education 
AI has been extensively adopted in education across three key ar-
eas: administration (automated grading and feedback), instruction 
(intelligent tutoring systems), and learning (personalized content 
delivery), offering potential solutions to personalization challenges 
in online learning [15]. These applications could potentially provide 
improved efficiency in administrative tasks, enhanced instructional 
quality through customization, and personalized learning experi-
ences that foster better information retention. 

Recent LLM research demonstrates diverse educational appli-
cations across multiple domains. Instructional support systems 
provide step-by-step programming guidance, conversational AI for 
collaborative learning, and interactive learning environments for 
children [12, 16, 39, 69]. Content personalization applications in-
clude adaptive story reading experiences, AI-generated educational 
podcasts, specialized learning support for diverse populations, and 
project-based learning assistance [14, 25, 65, 74]. Adaptive learning 
systems incorporate human-LLM collaboration, biosignal-driven 
learning companions, and assessment-driven content adjustment 
[13, 17, 58]. Advanced system architectures employ multi-agent 
approaches and Retrieval-Augmented Generation techniques to 
maintain coherent, context-aware interactions [48, 62]. Relevant 
to our work, Fan et al. [28] demonstrated how LLMs can scaffold 
structured planning tasks, while Leong et al. [47] showed that 
context-grounded personalization improves learner motivation. 

However, significant gaps remain: most existing systems provide 
support for individual educational tasks, with limited exploration of 
how these task-level supports can be integrated to scaffold learners 
across an entire learning workflow, particularly in online learning 
contexts. While Wang et al. [79] explored personalization frame-
works using LLMs, their work focused on system design without 
empirical evaluation of learning effectiveness. This represents a 
critical opportunity for advancing the field through comprehensive 
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evaluation of integrated systems that combine personalized plan-
ning, real-time assistance, and adaptive activities within unified 
learning environments. 

In summary, our work aims to support and improve online learn-
ing outcomes and user experience, specifically efficiency, account-
ability, accessibility, and effectiveness through three integrated 
components: personalized study planning (PlanMate) that pro-
vides structured four-dimensional guidance to address cold start 
problems, real-time contextual assistance (StudyMate) that deliv-
ers dynamic support during active learning sessions, and adaptive 
learning activities (AdaptMate) that enable assessment-driven plan 
modifications to create autonomous learning loops. 

3 OUR SYSTEM: LEARNMATE2 

Building on prior work by Wang et al. [79], we developed LearnMate2 , 
an LLM-based system for personalized and adaptive online learning. 
LearnMate2 comprises three interconnected components: PlanMate, 
which supports personalized study planning; StudyMate, which 
provides real-time contextual assistance during learning sessions; 
and AdaptMate, which adapts study plans based on learner progress 
and quiz performance. PlanMate and StudyMate extend the prior 
LearnMate framework, while AdaptMate was introduced following 
insights from our preliminary study. 

This section describes LearnMate2’s system architecture, user in-
teraction workflow, and technical implementation. We first present 
a guiding user scenario, then describe the integrated learning loop, 
and finally detail how personalization is implemented across the 
three components. 

3.1 Guiding User Scenario 
To illustrate LearnMate2’s functionality, we present a scenario fea-
turing Alex, a high school student from a rural community with 
limited access to advanced coursework who is preparing for the 
AP World History exam through self-directed online learning. 

Alex is a junior at a small rural high school that doesn’t 
offer AP World History due to limited resources and 
staffing. Determined to take the AP exam to strengthen 
college applications, Alex must rely entirely on online 
resources for preparation. With approximately 6-8 hours 
per week available for study (balancing school, part-
time work, and family responsibilities), Alex needs an 
efficient and structured approach to cover the exten-
sive AP curriculum. Having primarily learned through 
traditional textbook-based methods, Alex is unfamiliar 
with optimizing online learning strategies and seeks 
guidance on creating an effective study plan that can 
adapt to varying schedules and learning progress. 

This scenario demonstrates how LearnMate2 assists learners in 
online learning through the three key features. 

3.2 System Overview: Integrated Learning Loop 
LearnMate2 implements a closed-loop personalized and adaptive 
learning architecture comprising three interconnected components: 
(1) PlanMate, (2) StudyMate, and (3) AdaptMate. 

PlanMate. PlanMate creates customized learning plans based 
on the four-dimensional personalization framework (goals, time, 
pace, and path) established in existing literature on personalization 
in online learning [33] and recent work on AI-based personaliza-
tion [79]. The component analyzes user preferences and course 
requirements to generate structured study schedules with appropri-
ate content sequencing and time allocation. PlanMate also accepts 
adaptation signals from AdaptMate to regenerate optimized plans 
based on learning outcomes. 

StudyMate. StudyMate provides comprehensive learning assis-
tance during study sessions through three key mechanisms: (1) 
contextual question-answering that draws from course materials 
and learning history; (2) progressive disclosure framework that 
offers more details, practice questions, and external resources; and 
(3) formative assessment through adaptive quizzes that evaluate 
comprehension and identify knowledge gaps. StudyMate continu-
ously monitors learning interactions to gather performance data 
for the adaptation cycle. 

AdaptMate. Introduced following insights from the preliminary 
study, AdaptMate analyzes learning performance data and interac-
tions from StudyMate to identify areas requiring adjustment, then 
generates modifications to the personalized plan based on this anal-
ysis. The component evaluates quiz results, interaction patterns 
with the system during learning sessions, and four-dimensional 
learner preferences to determine optimal modifications such as ad-
ditional time allocation for challenging topics, alternative learning 
resources, or adjusted pacing. AdaptMate then communicates these 
insights back to PlanMate to regenerate improved learning plans, 
completing the adaptive loop. 

3.3 User Interaction with LearnMate2 

3.3.1 Personalization in LearnMate2 . Before detailing each com-
ponent, we clarify how personalization is implemented across 
LearnMate2’s learning workflow. LearnMate2 supports three dis-
tinct but connected forms of personalization, each operating at a 
different stage of learning. 

PlanMate: preference-based planning personalization. PlanMate 
personalizes the study schedule along four dimensions adapted 
from prior work [33]: learning goals, time availability, pace, and 
content path. Users explicitly provide these preferences through 
dedicated interface controls and natural-language inputs (e.g., “I 
have 2 hours on weekdays and prefer to go slowly”), which the 
system uses to generate an individualized study plan. 

StudyMate: context- and history-aware in-session personalization. 
StudyMate personalizes support during active study sessions using 
the learner’s accumulated history, including prior session content, 
quiz performance, and the goals and preferences established in 
PlanMate. Users further shape this support in real time by asking 
questions during the session, allowing the system to tailor responses 
to the current material and the learner’s immediate needs. 

AdaptMate: performance-driven adaptive personalization. AdaptMate 
adapts the study plan based on the learner’s quiz performance, inter-
action patterns during study (e.g., help-seeking frequency and diffi-
cult topics), content coverage, and the four-dimensional preferences 
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Figure 2: LearnMate2 System Workflow — The front-end interface of LearnMate2 (left) and the system workflow (right). The 
three-step integrated learning loop shows how PlanMate, StudyMate, and AdaptMate work together to provide personalized study 
planning, real-time contextual assistance, and adaptive learning activities that adjust based on user progress and performance. 
We outline and explain the pipeline of LearnMate2 in Section 3. Screenshot © Khan Academy (khanacademy.org), used under CC 
BY-NC-SA 4.0. 

previously provided in PlanMate. Users initiate this adaptation by 
clicking Generate Adjusted Plan, after which the system proposes 
targeted modifications such as reallocating time, reordering content, 
or recommending alternative resources. 

3.3.2 PlanMate: Enhanced Personalized Planning. The front-end 
interface of PlanMate is shown in Figure 3. Alex begins by typing 

“I want to learn the World History Project course from Khan Academy” 
to define their learning goals through the interface on the right 
panel (depicted as step a . The system then provides guidance 
prompts where Alex inputs their preferences by clicking each di-
mension button: time availability, learning pace, and content path 
preferences. Alex can specify their preferences in natural language 
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Figure 3: PlanMate Interface — The front-end interface for personalized study planning. Users begin by specifying their learning 
goals in natural language (step a ), then provide preferences across multiple dimensions, including time availability, learning 

pace, and content path (steps b to c ). Based on these inputs, PlanMate generates a personalized study plan in text form (step 

d ) and visualizes it as an interactive calendar schedule (step e ).We outline the user’s interaction with the front-end as a guide 
to explain the pipeline of PlanMate in Section 3.3.2. 

for each dimension by clicking the corresponding button (step b , 
c ). Once all the preferences are inputted, the system automatically 

creates a personalized study schedule in text format (step d ) and 
displays it in an interactive calendar interface ( e ). 

Technical Details. PlanMate utilizes a two-stage generation pro-
cess, each with a separate agent powered by Gemini-2.0-Pro using 
carefully crafted prompts designed for the specific task. The first 
stage analyzes user inputs across the four personalization dimen-
sions (goals, time, pace, path) using structured prompts that incor-
porate educational pedagogy principles from established literature 
[33]. The second stage converts the plan into ICS calendar events 
displayed in React Big Calendar [63], supporting drag-and-drop 
schedule management. 

3.3.3 StudyMate: Interactive Learning Support. The front-end in-
terface of StudyMate is shown in Figure 4. Alex initiates their first 
study session by clicking the scheduled session button (e.g., Sep 7, 
8pm-9pm: Unit 2.1 Cities, Societies, and Empires) from their gener-
ated plan. StudyMate immediately generates and provides session-
specific study guidance based on the selected time slot, learning 
objectives, and preferences established in PlanMate (step f ). Alex 
then initiates the learning session through the right panel interface 
(step j ). During learning, Alex can ask questions by clicking “Ask 
a Question” (step g ) and typing the question to receive contextual 
assistance (step h ). Each response utilizes a progressive disclo-
sure framework offering three expandable options: “more details”, 
“practice questions”, and “external resources” (step i ). Upon com-
pleting the study session, Alex clicks “End Study” which triggers 
an adaptive quiz with four-answer multiple-choice questions based 

on the covered content (step k ). Alex can choose to relearn the 
session if needed or continue studying following the same pattern 
for subsequent sessions. 

Technical Details. StudyMate integrates content analysis and 
user modeling to provide contextual support through three special-
ized agents: a question-answering agent, a quiz generation agent, 
and a quiz analysis agent. The system processes course transcripts 
and maintains a learning history database to generate relevant re-
sponses. The question-answering agent uses hierarchical prompting 
strategies where each tier builds upon the previous response while 
incorporating different pedagogical approaches (more detailed ex-
planation, practice questions, and extension material). When users 
ask questions, the agent first provides a concise answer based on 
the course content, then offers expandable options for deeper ex-
ploration. When users submit off-topic or out-of-scope requests, 
the system still provides a response but explicitly notes that the 
question falls outside the current session’s learning content. The 
quiz generation agent employs structured prompting techniques 
combined with example questions from existing learning materials 
to identify key concepts from the study session. This agent creates 
four multiple-choice questions that assess comprehension of the 
most important topics covered during the learning period. The as-
sessment agent analyzes user interaction data, quiz outcomes, and 
learned content to evaluate responses against learning objectives, 
then sends the results to the adaptive agent in AdaptMate. 

3.3.4 AdaptMate: Intelligent Plan Adaptation. The front-end inter-
face of AdaptMate is shown in Figure 5. After finishing the quiz, the 
system automatically generates a comprehensive quiz report with 
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Figure 4: StudyMate Interface — The front-end interface for interactive learning support during scheduled study sessions. Users 
start a learning session by selecting a planned time slot (step f ), after which StudyMate provides session-specific guidance. 
During the session, users can ask questions and receive contextual assistance with progressive disclosure options, including 
more details, practice questions, and external resources (steps g to i ). At the end of the session, StudyMate generates an 

adaptive quiz to assess learning outcomes (step k ). We outline the user’s interaction with the front-end as a guide to explain 
the pipeline of StudyMate in Section 3.3.3. Screenshot © Khan Academy (khanacademy.org), used under CC BY-NC-SA 4.0. 

performance analysis and future learning suggestions for Alex (step 
l ). Following their study session and quiz completion, Alex can 
request plan adjustments by clicking Generate Adjusted Plan if they 
find certain content too challenging or wish to modify their learning 
approach (step m ). AdaptMate analyzes their quiz performance, 
interaction patterns during the study session, and original four-
dimensional preferences to propose modifications. The updated 
plan is presented in both text and calendar format, maintaining 
consistency with the original PlanMate interface (step n ). 

Technical Details. This agent analyzes performance patterns to 
provide targeted feedback and recommendations based on identified 
knowledge gaps and strengths. 

AdaptMate analyzes multiple data sources to determine optimal 
plan adjustments: quiz performance results from StudyMate, user 
interaction patterns during study sessions (question frequency, con-
tent areas where questions were asked, session completion rates), 
content coverage tracking, and the user’s original four-dimensional 
preferences from PlanMate. The system uses structured prompts 
to evaluate this combined data and generate specific recommenda-
tions such as additional time allocation for challenging topics, al-
ternative content sequences, or adjusted pacing preferences. These 
recommendations are then processed through the same planning 
generation pipeline as PlanMate to support schedule feasibility and 
maintain learning progression coherence. 

3.4 Implementation Details 
The LLM agents in the backend of LearnMate2 are powered by 
Gemini-2.0-Pro [22], and the front-end is implemented using React 
[54]. Agent prompts and source code are available in the supple-
mentary materials. 1 

4 PRELIMINARY USER STUDIES 

4.1 Method 
4.1.1 Study Design. This preliminary study aimed to assess the 
feasibility and usability of LearnMate2’s core functionalities and to 
identify design refinements for our final user study. This study fo-
cused on evaluating two of LearnMate2’s components: PlanMate’s 
personalized study plans and StudyMate’s real-time contextual 
assistance, and their impact on learning outcomes and experience. 

We conducted an exploratory within-subjects design with two 
scenarios, each targeting one of the LearnMate2’s core functional-
ities. Participants were randomly separated into two groups, and 
each group experienced one scenario that contained two conditions. 
For clarity, we refer to the scenarios as S1 (Personalized Study Plans) 
and S2 (Real-time Contextual Assistance), and to the conditions as 
C1 (LearnMate2) and C2 (Baseline). The baseline was chosen to re-
flect how students typically supplement online learning in practice, 
using a general-purpose LLM alongside an online course platform. 

1The supplementary materials can be found at https://osf.io/z9guh/?view_only= 
46f35fd0b2bd4794a1e92ce6e86160b2 
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Figure 5: AdaptMate Interface — The front-end interface for adaptive plan refinement based on learning performance. After 
completing a study session and quiz, users receive a detailed performance report with learning insights (step l ). Users can then 
request plan adjustments (step m), and AdaptMate generates an updated study plan that incorporates quiz results, interaction 
patterns, and prior preferences, presented in both text and calendar formats (step n ). We outline the user’s interaction with 
the front-end as a guide to explain the pipeline of AdaptMate in Section 3.3.4. 

Scenario 1: Personalized Study Plans. In this scenario, participants 
were asked to design and create learning plans for World History 
Project courses from Khan Academy [1]. In Condition 1, participants 
engaged with LearnMate 2’s PlanMate feature. They designed and 
created personalized learning plans for equivalent course content 
using LearnMate 2 . In Condition 2, participants used Khan Academy 
courses with Gemini-2.5-pro [22] assistance to design and create a 
learning plan for World History Project courses. 

Scenario 2: Real-time Contextual Assistance. In this scenario, par-
ticipants were asked to study course content from Khan Academy’s 
World History Project for 20 minutes. Course materials included Era 
3 Overview and Era 2 Overview from Khan Academy’s World His-
tory Project. In Condition 1, participants engaged with our system’s 
real-time contextual assistance feature. In Condition 2, participants 
experienced standard online learning with Gemini-2.5-pro as gen-
eral study assistance. 

Within each scenario, participants experienced both conditions 
in counterbalanced order, with course materials also counterbal-
anced to mitigate order effects and reduce the influence of partic-
ipants’ prior knowledge of the materials and individual learning 
strategies on learning outcomes. For S2, participants completed 
knowledge assessment quizzes after each condition. At the end of 
each scenario, we conducted semi-structured interviews to gather 
qualitative feedback on user experience and identify opportuni-
ties for system improvement. The study lasted approximately one 

hour in total and participants were compensated $13/hour upon 
completion. Quizzes and interview protocols are provided in the 
supplementary materials. 2 

4.1.2 Measures. To evaluate participants’ learning outcomes, we 
selected and created two knowledge assessment quizzes separately 
from Era 3 Overview and Era 2 Overview from Khan Academy. 
The quiz questions were adapted from Khan Academy’s assessment 
materials to ensure content validity and appropriate difficulty levels 
for the target learning objectives. Both quizzes consisted of ten four-
answer multiple-choice questions designed to assess participants’ 
comprehension and retention of the course material. 

4.1.3 Participants. 24 participants were recruited for our user 
study. Participants were required to be in the United States, fluent 
in English, and at least 18 years old. All participants were recruited 
through university mailing lists. While our sample size is not large, 
the within-subjects study design achieves an acceptable level of 
statistical power for significant results [7]. Participants’ ages ranged 
from 19–78 (𝑀 = 36.875, 𝑆𝐷 = 18.087). The majority of participants 
(87.5%) reported prior learning experience with online learning 
platforms, while 12.5% had no such experience. Regarding language 
background, 70.8% were native English speakers and 29.2% were 
non-native English speakers. Throughout this paper, participants 
are referenced as P1–P24, where Pi denotes the ith participant. 

2The supplementary materials can be found at https://osf.io/z9guh/?view_only= 
46f35fd0b2bd4794a1e92ce6e86160b2 
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4.1.4 Analysis. For the quantitative data, we conducted paired 
t-tests to compare the means between the C2(baseline) and the 
C1(LearnMate2) for quiz scores within S2 (real-time contextual 
assistance) on both Quiz 1 (Era 3 Overview) and Quiz 2 (Era 2 
Overview). The tests were performed with an alpha level of 0.05. 

For qualitative data, we conducted a Thematic Analysis (TA) 
on the interview transcripts. We followed an inductive coding ap-
proach to derive representative themes from the data [18, 53]. Dur-
ing initial coding, the first author coded and identified significant 
concepts within the transcripts. These concepts were subsequently 
categorized into clusters and grouped into themes. The entire re-
search team engaged in discussions to refine these themes, resolv-
ing disagreements through collaborative review and revising the 
thematic framework until consensus was achieved. 

4.2 Results 
Our analysis aimed to assess the effects of individual system fea-
tures on online learning outcomes and user experiences and iden-
tify refinements for the system. Quantitatively, participants in the 
LearnMate2 condition (𝑀 = 9.167, 𝑆𝐷 = 0.408) scored higher on 
Quiz 1 than those in the baseline condition (𝑀 = 8.333, 𝑆𝐷 = 1.367), 
whereas Quiz 2 scores were slightly lower in the LearnMate2 con-
dition (𝑀 = 5.667, 𝑆𝐷 = 1.211) compared to baseline (𝑀 = 6.000, 
𝑆𝐷 = 1.414); neither difference reached statistical significance 
(Quiz 1: 𝐹 (1, 10) = 2.049, 𝑝 = .183; Quiz 2: 𝐹 (1, 10) = 0.192, 
𝑝 = .670). 

Below, we present seven key themes that emerged from our 
quantitative and qualitative analysis. The first six themes describe 
users’ interaction experiences with the PlanMate and StudyMate 
features. The seventh theme synthesizes participants’ feedback to 
highlight directions for system improvement. 

4.2.1 PlanMate Supported Learning Instrumentally and Psycholog-
ically. Participants described PlanMate as supporting learning at 
both instrumental and psychological levels. Instrumentally, partic-
ipants emphasized that PlanMate helped them manage time and 
structure tasks in ways that made learning more feasible within 
their everyday lives. Two participants (P8 and P12) noted that the 
system’s personalized planning guidance was particularly help-
ful for learners juggling multiple responsibilities and time con-
straints. Psychologically, participants reported that PlanMate in-
creased their motivation and sense of autonomy, making learning 
feel more doable and less overwhelming overall. Five participants 
(P2, P3, P5, P6, P10) noted that personalized learning plans encour-
aged them to feel more motivated and organized. Ten participants 
(P1–P3, P5–P11) further emphasized that PlanMate supported au-
tonomy by enabling learners to create and adjust their own learning 
plans. Four participants (P5, P6, P9, P10) described how personal-
ized learning plans helped them better align studying with their 
personal needs and learning goals. 

4.2.2 PlanMate Enabled More Accurate and Actionable Learning 
Plans Beyond State-of-the-Art LLMs. Eight participants (P3, P5– 
P10, P11) described the personalized learning plans generated by 
PlanMate as accurate, realistic, and manageable. Five participants 
(P1, P6–P8, P10) further noted that the baseline approach lacked 
lookahead and failed to provide actionable learning plans. 

4.2.3 The Visual Calendar-Based Interface of PlanMate Increased 
Engagement and Commitment. Five participants (P2, P3, P5, P7, P9) 
described PlanMate’s calendar-based visual interface as more en-
gaging and motivating than text-only outputs from existing LLM 
tools. Participants explained that presenting learning plans in a ma-
nipulable calendar view made the plans easier to understand, revisit, 
and commit to over time. Participants also suggested that interact-
ing with the calendar, such as being able to mark completed tasks, 
would further help them track progress and maintain motivation. 

4.2.4 StudyMate Provided Contextual Support and a Learning-Suited 
Interface Beyond State-of-the-Art LLMs. Participants primarily high-
lighted two key strengths of StudyMate that they felt were missing 
from existing state-of-the-art LLM tools such as Gemini. First, seven 
participants (P14, P15, P17, P19, P21, P23, P24) valued StudyMate’s 
contextual support, including real-time assistance and domain-
specific knowledge directly grounded in the study material. Second, 
six participants (P13, P16, P17, P18, P20, P23) emphasized the im-
portance of a more usable, learning-suited interface. 

4.2.5 StudyMate Enabled Teacher-Like Support Through In-Context 
Features. Participants primarily described four in-context, real-time 
support features, specifically video summaries, timestamps, review 
quizzes, and external resources, as particularly helpful, allowing 
StudyMate to function as teacher-like support by providing acces-
sible assistance that is often unavailable in isolated online learning 
settings. Eight participants (P13–P18, P21, P23) highlighted the 
video summarization feature as especially useful for reviewing pre-
viously learned content and preparing for exams. Six participants 
(P17, P19–P22, P24) emphasized the usefulness of video timestamps 
for understanding content in context and preparing for exams. 
Two participants (P1 and P10) additionally mentioned that review 
quizzes and links to external resources supported deeper learning. 
Additionally, five participants (P15–P17, P19, P24) reported that 
StudyMate made them more willing to ask questions and helped 
them remember content better. 

4.2.6 StudyMate Deepened Learning and Built Trust Through Con-
textual Grounding. Participants described contextual grounding as 
supporting learning at both a functional and psychological level. 
Functionally, grounding AI responses in the study material made 
confusing concepts easier to understand and enabled deeper learn-
ing. Nine participants (P13, P14, P17–P23) reported that contextual 
grounding helped them better understand confusing parts of the 
material and achieve deeper comprehension. Psychologically, con-
textual grounding increased trust in the system’s answers, which is 
critical for building rapport with the AI and sustaining long-term 
use for learning. One participant (P15) emphasized that contextual 
grounding increased their trust in the AI’s responses. 

4.2.7 Improving PlanMate and StudyMate: Motivating the Need 
for AdaptMate. While quantitative results showed directional dif-
ferences between conditions, these effects did not reach statistical 
significance. Our qualitative findings help contextualize these re-
sults and reveal two primary directions for improving LearnMate2 

that motivate the need for AdaptMate, as well as one study de-
sign implication. Below, we first present system-level improvement 
directions, followed by the study design improvement. 
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Participants explicitly identified two primary areas of improve-
ment for adaptive mixed-initiative learning. First, ten participants 
(P13–P18, P20, P21, P23, P24) expressed a preference for receiving 
concise, domain-specific answers grounded in the course material, 
supplemented by optional external resources. Participants reported 
frustration when responses were overly long or insufficiently spe-
cific to the learning context. They valued being able to selectively 
explore additional information when needed, rather than being 
presented with extensive explanations upfront. At the same time, 
access to broader external knowledge was viewed as beneficial for 
supporting deeper or more comprehensive learning. As P17 ex-
plained: “General answers are frustrating to me, but for your system, 
I kept pressing the ‘more details’ button because I like to pick and 
choose what I want to learn. I would prefer it to be more specific to the 
content I’m consuming, but also have access to external sources when 
needed.” Second, five participants (P5, P7–P9, P12) emphasized the 
importance of being able to adapt learning plans over time as their 
schedules or circumstances changed. Participants noted that fixed 
plans quickly become outdated, and that repeatedly re-prompting 
the system to generate entirely new plans was inefficient. Instead, 
they preferred incremental adjustments that allow plans to evolve 
while preserving prior structure. As P9 explained: “I think that the 
ability to align it with my needs is good, and that being able to go 
back and adjust it as needed is really important.” 

Findings also suggest an assessment-related study design im-
provement. The lack of a significant difference in Quiz 1 scores 
may reflect a ceiling effect, as the baseline median score was 8.33 
out of 10, leaving limited room for measurable improvement. To 
address this limitation, future iterations of the study will include 
additional, more challenging questions to better differentiate learn-
ing outcomes. For Quiz 2, the slightly lower performance in the 
LearnMate2 condition may be attributed to questions that extended 
beyond the scope of the instructional video, requiring external 
knowledge or reasoning not explicitly supported by the system. As 
P22 noted: “There were questions that the video didn’t seem to cover 
in any detail, as far as I could tell.” 

These findings motivated both system-level and study design 
refinements. Specifically, participant feedback highlighted the need 
for adaptive plan refinement during learning, improved support for 
selectively expanding beyond course materials, and a more sensitive 
assessment of learning outcomes. 

5 USER STUDY FOR LEARNMATE2 

5.1 Method 
5.1.1 Study Design. Building on the findings from the preliminary 
study and the qualitative insights discussed above, we implemented 
three major system enhancements: (1) added five additional chal-
lenging questions to Quiz 1 to address the ceiling effect, (2) in-
tegrated external resources with limited scope in StudyMate to 
provide broader context while maintaining course focus, and (3) 
the introduction of AdaptMate to support formative adaptation 
of personalized plans. This study aims to assess the impact of the 
integrated workflow on learning outcomes and user experience. 

We conducted a comparative study using a within-subjects de-
sign. In Condition 1, participants engaged with the complete LearnMate2 

system, which integrated personalized study plan guidance and 
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Figure 6: Quantitative Data from User Study— Bar graphs 
show participants’ quiz results for Quiz 1 and Quiz 2. Hori-
zontal lines indicate significant pairwise comparisons with 
paired t-tests (𝑝 < .05∗ , 𝑝 < .01∗∗ , 𝑝 < .001∗∗∗). Vertical lines in 
each bar graph indicate standard error. 

generation, real-time contextual assistance during learning, and 
adaptive learning activities that adjust based on ongoing progress 
assessment. In Condition 2, participants experienced standard on-
line learning with assistance from Gemini-2.5-pro and self-directed 
planning, learning and adaptation strategies. In both conditions, 
participants engaged in a complete learning cycle with three tasks. 
In the first task, they created a learning plan for the entire “World 
History Project” course from Khan Academy. In the second task, 
they planned their specific study session and studied according to 
their plan for 30 minutes (studying). In the final task, they adapted 
their plan based on their learning experience and progress (adapta-
tion). More specifically, in the LearnMate2 condition, participants 
completed T3 using AdaptMate, which proposed plan modifica-
tions based on their quiz performance, in-session interactions, and 
original preferences. Participants then reviewed and accepted, mod-
ified, or rejected the changes. In the baseline condition, participants 
manually revised their plan using Gemini-2.5-pro based on their 
quiz results. Course materials included “Era 2 Overview” and “Era 3 
Overview” from Khan Academy’s World History Project. For consis-
tency, we denote these conditions and tasks as C1 (LearnMate2), C2 
(Baseline), T1 (Planning), T2 (Studying), and T3 (Adaptation) in the 
remainder of the paper. In the LearnMate2 condition, T1, T2, and T3 
were supported by PlanMate, StudyMate, and AdaptMate, respec-
tively, while the baseline condition used standard, non-integrated 
learning tools to reflect how students commonly supplement online 
learning in practice. 

During the study, participants were randomly assigned to both 
conditions within their scenario, with course materials and condi-
tion order counterbalanced. After each task, participants completed 
quantitative scales specific to the task they had just completed. 
Enhanced knowledge assessment quizzes were administered specif-
ically after T2 (studying). At the end of their interaction with both 
conditions, semi-structured interviews were conducted to gather 
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Figure 7: Quantitative Data from User Study — Bar graphs on participants’ perceived performance of usefulness, ease of use, ease 
of learning, satisfaction and usability scores across different conditions for the planning task (T1). Horizontal lines indicate 
significant pairwise comparisons with repeated measures ANOVA (𝑝 < .05∗ , 𝑝 < .01∗∗ , 𝑝 < .001∗∗∗). Vertical lines in each bar
graph indicate standard error. 

qualitative insights about user experience and system effective-
ness. The entire study lasted approximately 1.5 hours and partic-
ipants were compensated $13/hour upon completion. Question-
naires, quizzes, and interview protocols used during the study can 
be found in the supplementary materials. 3

5.1.2 Measures. To evaluate participants’ experiences with the 
system, we employed the Usefulness, Satisfaction, and Ease of use 
(USE) scale [30] to measure four key dimensions: usefulness (Cron-
bach’s 𝛼 : T1 = 0.96, T2 = 0.97, T3 = 0.96), ease of use (Cronbach’s 𝛼 : 
T1 = 0.91, T2 = 0.94, T3 = 0.92), ease of learning (Cronbach’s 𝛼 : T1 
= 0.90, T2 = 0.94, T3 = 0.94), and satisfaction (Cronbach’s 𝛼 : T1 = 
0.96, T2 = 0.97, T3 = 0.97). We also employed the System Usability 
Scale (SUS) [11] to assess overall system usability (Cronbach’s 𝛼 : 
T1 = 0.78, T2 = 0.87, T3 = 0.80). The USE scales were administered 
on a seven-point Likert scale, while SUS used a five-point scale. 

To evaluate participants’ learning outcomes, we selected and cre-
ated two knowledge assessment quizzes based on “Era 3 Overview”
and “Era 2 Overview” from Khan Academy. Compared to the prelim-
inary study, Quiz 1 was enhanced with five additional challenging 
four-answer multiple-choice questions that extend beyond video 
content, requiring external knowledge and reasoning. These ques-
tions were carefully designed to address the ceiling effect observed 
in the original assessment. The first ten questions remained un-
changed from the preliminary study. Quiz 2 remained unchanged. 
Quiz 1 consisted of 15 multiple-choice questions with four options 
each, while Quiz 2 contained 10 questions. 

5.1.3 Participants. 16 participants were recruited for our user 
study. Participants were required to be in the United States, fluent 
in English, and at least 18 years old. All participants were recruited 
through university mailing lists. None of the participants in this 
user study participated in the preliminary study. While our sam-
ple size is not large, the within-subjects study design achieves an 

3The supplementary materials can be found at https://osf.io/z9guh/?view_only=
46f35fd0b2bd4794a1e92ce6e86160b2 

acceptable level of statistical power for significant results [7]. Par-
ticipants’ ages ranged from 19–44 (𝑀 = 26.25, 𝑆𝐷 = 8.299). The 
majority of participants (93.7%) reported prior learning experience 
with online learning platforms, while 6.3% had no such experience. 
Regarding language background, 75% were native English speak-
ers and 25% were non-native English speakers. Participants are 
referenced as P1–P16, where Pi denotes the ith participant.

5.1.4 Analysis. For the quantitative data, we conducted repeated 
measures ANOVA to compare the means between the LearnMate2

condition (C1) and the baseline condition (C2) for USE and SUS 
scores across all three tasks (T1, T2, T3), as well as for quiz scores on 
both Quiz 1 (Era 3 Overview) and Quiz 2 (Era 2 Overview). We chose
repeated measures ANOVA over paired t-tests to account for the 
within-subjects design and to simultaneously compare conditions 
across multiple tasks (T1, T2, and T3). All tests were performed 
with an alpha level of 0.05. 

For qualitative data, we conducted a Thematic Analysis (TA) 
on the interview transcripts. We followed an inductive coding ap-
proach to derive representative themes from the data [18, 53]. Dur-
ing initial coding, the first author coded and identified significant 
concepts within the transcripts. These concepts were subsequently 
categorized into clusters and grouped into themes. The entire re-
search team engaged in discussions to refine these themes, resolv-
ing disagreements through collaborative review and revising the 
thematic framework until consensus was achieved. 

5.2 Results 
Our analysis examined the impact of the improved LearnMate2

on learners’ experiences and learning outcomes. We investigated 
how large language models (LMs) supported online learning in 
practice, what aspects of the system participants found helpful 
or challenging, and how specific system features shaped learners’ 
interactions, understanding, and planning behaviors. 

Our quantitative results are presented in Figure 6 and Figures 7, 
8, and 9. For user experience, we found that StudyMate (𝑝 < 
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.0001) and AdaptMate (𝑝 = .0452) were significantly useful, and 
StudyMate (𝑝 = .0103) and AdaptMate (𝑝 = .025) were also signif-
icantly easy to use. Participants were significantly satisfied with 
PlanMate (𝑝 = .0462), StudyMate (𝑝 = .0007), AdaptMate (𝑝 = 
.0143). SUS scores were also significantly higher for StudyMate 
(𝑝 = .0148), indicating significantly higher overall usability. For 
learning outcomes, we found significant effects in both Quiz 1 
(𝐹 (1, 14) = 8.187, 𝑝 = .0126) and Quiz 2 (𝐹 (1, 14) = 16.291, 𝑝 = 
.0012). A paired t-test showed that participants in the LearnMate2

condition (Quiz 1: 𝑀 = 13.375, 𝑆𝐷 = 1.061; Quiz 2: 𝑀 = 7.875, 
𝑆𝐷 = 0.991) scored significantly higher than those in the baseline 
condition (Quiz 1: 𝑀 = 10.875, 𝑆𝐷 = 2.232; Quiz 2: 𝑀 = 5.875, 
𝑆𝐷 = 0.991). 

Below, we report qualitative findings organized into four system-
level themes that capture participants’ overall experiences with 
LearnMate2 , as well as their preferences and expectations for the
design of personalized, AI-driven educational tools. 

5.2.1 Structured Guidance Makes Learning More Accessible, Man-
ageable, and Actionable. Participants consistently described struc-
tured guidance for navigating and implementing personalized plan-
ning and for executing the learning process as making online 
learning more accessible, manageable, and actionable, particularly 
for learners who struggle to plan or articulate their needs inde-
pendently. Ten participants (P2–P4, P6, P10–P15) reported that 
LearnMate2 made learning more accessible by reducing cognitive
effort and offloading planning-related thinking. Participants ex-
plained that LearnMate2 helped them clarify what to do next, saved
effort in figuring out how to begin, and lowered barriers to engage-
ment. They noted that structured prompting and outputs made the 
learning process more accurate and easier to start, while interactive 
questions made learning more engaging. Participants also high-
lighted LearnMate2’s value for non-native speakers and learners
dealing with accented instruction, supporting clearer understand-
ing. As P14 explained: “The instructions Gemini gave were very
vague, so I didn’t really know what I was supposed to do or what I 
was supposed to ask. Your system was much more clear about what it 

was doing, and it was doing a lot of that thinking for you, which was 
great. I think that’s what students want—doing the thinking for me. 
It felt much more guided and clear about the goal.” 

Four participants (P2, P6, P10, P13) described LearnMate2 as
making learning more manageable by breaking plans into concrete, 
structured steps. Participants explained that decomposing plans 
reduced back-and-forth adjustments, made the overall learning 
process feel more organized and less overwhelming, and helped 
them stay focused. Structured prompts and outputs contributed to 
more consistent and specific plans, while quiz-based adaptations 
further refined plans and made them easier to follow over time. As 
P6 noted: “It felt much more structured and actually built for what I
was trying to do. When I asked Gemini to make me a plan, it felt like 
it just gave vague study tips. I didn’t realize that would be a problem 
with a normal generative AI, and it really made me appreciate having 
a structured study plan.” 

Ten participants (P1, P3, P5, P6, P8, P10–P14) reported that 
LearnMate2 made learning more actionable by helping them locate
specific learning materials and translate high-level goals into con-
crete actions. Participants explained that topic-specific knowledge 
allowed the system to surface relevant content directly, supporting 
more targeted learning than generic support services like McBur-
ney. They also noted that LearnMate2 supported a mixed mode of
learning by helping identify weaknesses and underlying gaps in 
understanding—activities that learners often do not initiate or are 
unable to perform on their own. As P10 explained: “I’ve used learn-
ing skills support through the McBurney Center, and this felt similar, 
but with much more awareness of the actual courses I’m taking. The 
person I work with doesn’t always know the details of my classes, 
so having something that can see what I’m learning and walk me 
through it would be really helpful.” 

5.2.2 LearnMate2 Extend Learning Support Beyond Online Learn-
ers to the Broader Learning Ecosystem. Participants described how 
LearnMate2 supported learning beyond individual online learn-
ers, extending its value across learning contexts, roles, and stages. 
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Figure 8: Quantitative Data from User Study— Bar graphs on participants’ perceived performance of usefulness, ease of use, ease 
of learning, satisfaction and usability scores across different conditions for the studying task (T2). Horizontal lines indicate 
significant pairwise comparisons with repeated measures ANOVA (𝑝 < .05∗ , 𝑝 < .01∗∗ , 𝑝 < .001∗∗∗). Vertical lines in each bar
graph indicate standard error. 

1918




�

�

�


	




LearnMate2 : Design and Evaluation of an LLM-powered Personalized and Adaptive Support System for Online Learning DIS ’26, June 13–17, 2026, Singapore, Singapore 

˜°˛˝˙ˆˇ˙˘˛˝ ˘˝ˇˆ°˝ 

 

 

 

 

˜°˜° 
˛˝˙ˆˇ˘ˆ 

˜˛˜° 
˝˝ˆ 










  * 

˜°˜° 
˛˝˙ˆˇ˘ˆ 

˜˛˜° 
˝˝ˆ 

˜°˜° 
˛˝˙ˆˇ˘ˆ 

˜˛˜° 
˝˝ˆ 

˜°˜° 
˛˝˙ˆˇ˘ˆ 

˜˛˜° 
˝˝ˆ 

˜°˛˝˙ˆˇ˙˝° °˛ˇ°ˆ 

˜°˜° 
˛˝˙ˆˇ˘ˆ 

˜˛˜° 
˝˝ˆ 

  *  * 

Figure 9: Quantitative Data from User Study— Bar graphs on participants’ perceived performance of usefulness, ease of use, ease 
of learning, satisfaction and usability scores across different conditions for the adapting task (T3). Horizontal lines indicate 
significant pairwise comparisons with repeated measures ANOVA (𝑝 < .05∗ , 𝑝 < .01∗∗ , 𝑝 < .001∗∗∗). Vertical lines in each bar
graph indicate standard error. 

Specifically, they highlighted three ways in which LearnMate2 ex-
panded the learning ecosystem: supporting learning beyond online 
settings, assisting instructors, and enabling learners to better mem-
orize content and prepare for exams. 

Three participants (P6, P10, P12) noted that LearnMate2 could
support learning beyond purely online contexts, including planning 
for in-person classes. They explained that context-aware planning 
and guidance were equally valuable for on-site courses, where 
learners still need help organizing study time and understanding 
workload. Participants described LearnMate2 as making learning
support more accessible—similar to having instructor-like guid-
ance outside of class—while noting that existing LLM tools such as 
Gemini were less helpful for supporting course completion. As P10 
explained: “While going through this, I kept thinking that I wish I
had a version of this for my actual classes. I personally have a hard 
time scheduling study sessions and planning how much time things 
will take, so having something connected like this would really help.” 

One participant (P14), who teaches online courses, highlighted 
LearnMate2’s potential to support instructors by summarizing course
content and providing guidance that extends beyond what instruc-
tors can offer directly. They explained that LearnMate2 could save
instructors time by generating review materials and offering embed-
ded support for students, particularly in settings where instructors 
are unable to provide synchronous review sessions. As P14 noted: 
“I teach an online course, and I think this assistant would be great for 
helping students review before quizzes or exams, especially since I 
don’t always have time to do review sessions. Having AI support built 
directly into where the lectures are would be really helpful.” 

Four participants (P7, P9, P11, P13) emphasized that LearnMate2
helped learners better memorize content and prepare for exams 
through adaptive, real-time support. Participants described the sys-
tem as particularly useful in courses with frequent grading, as it 
summarized key ideas and reinforced important concepts. They 
also noted that quiz-based adaptations reduced cognitive effort by 
adjusting plans based on performance, which supported learning 
even when learners were less motivated to actively optimize their 

study strategies. Participants preferred detailed plans and struc-
tured materials, which they felt improved their learning outcomes. 
As P7 explained: “If I know exactly what I want to change, I can tell
it and it can do that for me. But if I’m feeling lazy and don’t want 
to think too much about how to optimize my learning, having the 
system adjust things based on a quiz or what I’ve learned before is 
easier and takes less effort than figuring everything out myself.” 

5.2.3 Learners Prefer Mixed-Initiative Planning over Fully Auto-
mated Learning. Five participants (P2, P3, P4, P7, P13) expressed a 
preference for mixed-initiative planning over fully automated learn-
ing plans. Participants explained that due to skepticism toward AI 
accuracy and concerns about hallucinations or misinterpretation of 
personal needs, they were reluctant to fully delegate planning deci-
sions to AI systems. Instead, they preferred an approach in which 
LearnMate2 provide structured prompts, initial drafts, and guid-
ance, while learners retain control over planning decisions and ad-
justments. Participants noted that fully automated plans could feel 
misaligned with their learning needs, whereas mixed-initiative plan-
ning allowed them to combine AI support with their own judgment 
and existing study habits. In particular, they described structured 
guidance—such as prompting for time availability and generating 
concrete schedules—as making plans feel more accountable and 
easier to follow, while still allowing learners to fine-tune plans 
based on personal preferences, performance, and evolving needs. 
This combination of structured AI guidance and human planning 
was perceived as more effective and trustworthy. As P7 explained: 
“I like being able to fine-tune things myself rather than having the 
system tell me exactly what to do. I don’t have to follow everything 
the assistant gives me—I can use it as a rough outline and then make 
my own adjustments. Ultimately, I’m the one taking the quiz or exam, 
so I know what kinds of questions come up and what I need to focus 
on. Having that flexibility is really nice.” 

5.2.4 Learning Support Systems Benefit from Richer Learner In-
put and Familiar LLM Interfaces. Participants identified two key 
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directions for improving future learning support systems. First, par-
ticipants emphasized the importance of supporting richer learner 
input and diverse quiz formats to better capture learners’ needs and 
understanding. Four participants (P2, P3, P8, P12) noted that learn-
ing support systems should support diverse quiz formats and richer 
learner input to better capture learners’ preferences, goals, and 
understanding. Participants explained that providing background 
context—such as pacing preferences and learning goals—allowed 
the system to tailor plans more effectively and help learners get 
more value out of each learning session. As P2 explained: “I liked
the plan because it was easy to follow and more condensed in a way 
that made sense for taking a class. It felt like it understood that you 
want to get as much out of each session as possible and planned things 
accordingly, which was really helpful.” 

Second, participants highlighted the value of integrating learning 
support systems into familiar LLM interfaces to reduce learning 
overhead and support sustained engagement. Four participants (P1, 
P9, P11, P15) suggested that learning support systems could be 
improved by integrating into familiar LLM interfaces. Participants 
explained that while LearnMate2 was useful, it required time to
learn a new interface, whereas familiar tools such as Gemini already 
supported flexible, free-form interaction. They noted that reducing 
interface-switching and onboarding effort could increase long-term 
engagement and make learning support tools easier to adopt. As 
P15 explained: “Gemini feels more free-form, and I’d be more likely
to use it if it were trained on the material I was learning and let me 
interact with it directly. I liked that the learning tool could access the 
video and summarize it, but using a familiar interface would make it 
easier to use over time.” 

6 DISCUSSION 
This work introduces LearnMate2 as an integrated learning work-
flow with three coordinated roles for LLMs: PlanMate scaffolds 
personalized, calendarized study plans; StudyMate provides real-
time, course-grounded assistance with progressive disclosure; and 
AdaptMate enables user adaptation on learning plans based on for-
mative assessment. With LearnMate2 across studies, participants
reported higher usefulness, ease, and satisfaction for real-time as-
sistance and adaptive activities, higher SUS for the assistance com-
ponent, and better learning outcomes on both quizzes. 

The qualitative data explains why the system works as a workflow
rather than a one-off chatbot. Learners preferred course-verified 
answers they could expand on demand, appreciated real-time and 
accessible help (especially ESL learners), and relied on quiz-driven 
adaptation to surface unknown-unknowns and keep momentum 
when initial plans faltered. They also asked for durable artifacts 
and control: persistent calendars, provenance labels when widening 
beyond course materials, schedule-aware replanning, and reversible 
changes (e.g., accept/modify/undo).

Collectively, the findings point to three design commitments: 
personalization as an ongoing process rather than a one-time con-
figuration, the strategic roles of LLMs in providing different types 
of personalized learning support throughout the learning workflow, 
and the critical importance of user control and agency for effective 
personalization. This requires not only technical capabilities for 
personalization and adaptation, but also interaction designs that 

help learners navigate complex content, maintain motivation, and 
develop self-regulation skills without excessive cognitive burden. 
Below, we outline design implications that can guide the design of 
future personalized learning systems. 

6.1 Personalization as Workflow: Building a 
Plan–Study–Adapt Loop 

Across both studies, LearnMate2 appears most effective when func-
tioning as an orchestrated workflow where each component rein-
forces the others: structured planning through PlanMate reduces 
cold start and clarifies next learning steps; course-grounded, real-
time support via StudyMate maintains learner engagement and 
attention while improving study efficiency; and quiz-driven adapta-
tion in AdaptMate transforms assessment data into actionable plan 
modifications that sustain learner motivation and course comple-
tion. This integrated approach aligns with human-AI interaction 
(HAI) guidance to embed AI in existing routines with clear, user-
visible feedback loops and handoffs [4, 45, 46]. 

Our findings demonstrate that LearnMate2’s effectiveness emerges
from the synergistic integration of its three components rather than 
the sum of their individual contributions. The preliminary study 
revealed that isolated components (PlanMate or StudyMate alone) 
showed potential but produced limited measurable impact, while 
the full user study with integrated workflow yielded significant 
improvements in both learning outcomes and user experience. 

Design Implication: Support learning as a continuous, adaptive 
process rather than discrete interactions. Our findings suggest that
future systems could treat planning, studying, and adaptation as a 
single, evolving workflow state rather than separate features. Af-
ter each session, systems can present a brief “session digest” that 
summarizes what was studied and highlights potential next steps, 
creating a clear handoff between planning, studying, and adapta-
tion while keeping changes visible and modifiable by the learner. 
This approach enables personalized learning systems to respond 
continuously and dynamically to actual progress rather than re-
lying on predetermined predicted needs and isolated educational 
tasks common in existing systems [51], creating more effective and 
engaging learning experiences. 

6.2 Contextual and In-Situ Support for 
Lowering Help-Seeking Barriers among 
Diverse Learners 

Our findings from both studies demonstrate that contextual sup-
port, such as real-time assistance and domain-specific knowledge 
grounded in the study material, can lower help-seeking barriers 
for diverse learners and provide particular benefits for ESL learn-
ers. During the study, participants described StudyMate’s context-
aware Q&A as “feeling like having an instructor next to me,” noting 
that it reduced task-switching and was particularly helpful for ESL 
learners by enabling rapid, in-context definition and simplifica-
tion. Additionally, participants reported that placing the chatbot 
alongside course content within the same interface enabled in-situ 
support, substantially reducing the interaction overhead associ-
ated with navigating multiple platforms or waiting for instructor 
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responses. This immediate accessibility addresses critical gaps in on-
line learning support, where traditional help-seeking mechanisms 
often fail due to delayed responses, lack of context, or intimidating 
formal processes. This aligns with existing work, which shows that 
actionable, audience-aware transparency improves sense-making 
and willingness to engage [26]. 

Design Implication: Combine contextual support with learning-
suited, in-situ interfaces to lower help-seeking barriers. Future sys-
tems could integrate context-aware question interfaces that pro-
vide real-time assistance and domain-specific knowledge directly 
within learning-suited, in-situ interfaces, allowing learners to seek 
help without leaving their current learning context. Such designs 
can make help-seeking easier and more comfortable in a non-
judgmental environment, reducing the social and logistical barriers 
that often prevent assistance-seeking in online learning. 

6.3 Structure over Blank Prompts: Plan 
Generation to Scaffolds Learners 

Both our findings demonstrate that structured guidance will make 
online learning more efficient by solving the cold start issue com-
pared to blank prompts. Participants preferred structured starters 
and domain scaffolds to open-ended prompting, especially when 
they “didn’t know where to start.” The immediate generation of 
calendar-based plans with time-chunked learning sessions reduced 
cognitive burden and enhanced plan execution through clear pro-
gression markers. This echoes existing work that highlights how 
non-expert users benefit from prompt scaffolds and explicit task 
parameters [81]. 

Design Implication: Provide structured scaffolding that guides 
learning while maintaining user control. Our results indicate that
future systems can reduce cold-start effort by offering user-friendly 
interface components (e.g., buttons, sliders) with structured guid-
ance for specifying personalized plan parameters (i.e., goals, pace,
time, path) that immediately render an editable plan and calendar, 
encouraging learners to refine rather than author from scratch. 

6.4 Grounded First, Then Broad: 
Provenance-Aware Study Support 

Our findings from both preliminary and full user studies revealed 
that course-grounded answers were consistently more useful and 
time-efficient than generic LLM responses. Findings from full user 
studies also indicated that the combination of contextual assistance 
and broader resources within limited length, followed by progres-
sive disclosure mechanisms ensures both the depth and broadness 
of the support, and enable deeper exploration when desired. Par-
ticipants valued the context-aware answers and access to broader 
resources within limited length initially, followed by progressive 
disclosure mechanisms that enabled deeper exploration when de-
sired. Existing work also supports that progressive disclosure works 
best when paired with explicit provenance and scope so learners 
can choose depth and breadth intentionally [26, 44, 64]. 

Design Implication: Prioritize course content, then limited exter-
nal sources, then optional broader resources. Based on these findings,
future systems could structure responses in layers: course-verified 

content with limited external sources as the default, expandable 
details through progressive disclosure, and optional toggles for 
broader curated sources labeled by provenance (e.g., course-verified,
external—curated, or low-confidence), enabling learners to con-
sciously broaden scope. 

6.5 Formative Assessment as a Driver for 
Transparent, Learner-Steerable Adaptation 

Findings from the final user study demonstrate that quiz-driven 
formative assessment is essential for revealing knowledge gaps 
that learners cannot easily identify on their own, providing both 
a clear justification and an actionable starting point for adapting 
learning plans. Participants reported greater confidence in plan 
adaptation when they could see explicit connections between their 
quiz performance and the resulting plan changes, resonating with 
explanatory debugging principles that emphasize linking system 
modifications to observable user evidence [42]. This also aligns 
with prior work on conversational learning assessment systems, 
which leverage performance signals to guide targeted educational 
interventions (e.g., QuizBot) [6, 67].

At the same time, our findings highlight that effective adaptation 
in learning contexts must preserve learner agency. Participants 
described motivation dips over time and expressed concerns about 
becoming over-reliant on automated guidance, echoing broader evi-
dence that agentic systems often break down on long-horizon, multi-
step tasks [78]. They particularly valued schedule-aware replanning 
and reversible changes, noting that the ability to accept, modify, or 
reject proposed adaptations helped them maintain a sense of owner-
ship over their learning process. These preferences align with prior 
research emphasizing the importance of user agency for supporting 
metacognitive development and self-regulated learning [10, 24], 
as well as HAI guidelines that caution against over-automation in 
high-stakes tasks [4]. 

Design Implication: Use formative assessment to drive trans-
parent, learner-controllable adaptation. Our findings suggest that
future learning systems should use formative assessment signals 
to propose explainable plan adaptations while keeping learners in 
control of final decisions. Systems could present clear rationales 
linking performance to suggested changes (e.g., “missed X ⇒ add
practice Y ; slow on Z ⇒ move W to tomorrow”), alongside explicit
controls to accept, modify, or undo each update. This approach 
enables actionable, low-effort plan updates that allow learners to 
make informed adjustments without the burden of re-planning from 
scratch. These findings highlight the value of mixed-initiative de-
signs in which AI provides evidence and structured entry points for 
adaptation while learners retain decision authority—an approach 
that is particularly well-suited for high-stakes learning contexts, 
where trust, accountability, and self-regulation are critical. 

At the same time, our findings suggest that scaffolding in AI-
supported learning systems should not remain static over time. 
While some supports may need to persist, such as course-grounded 
answers in StudyMate, others may be better designed to fade as 
learner competence grows, such as step-by-step planning prompts 
in PlanMate or highly directive adaptation suggestions in AdaptMate. 
Otherwise, these scaffolds risk offloading metacognitive work that 
learners need to develop for themselves, including self-assessment, 
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planning, and replanning. Future systems can therefore explore 
adaptive fading strategies that gradually shift responsibility back 
to learners as they gain familiarity and confidence, drawing on 
scaffolding fading principles in educational research [19, 23]. 

7 LIMITATIONS & FUTURE WORK 
While LearnMate2 demonstrates potential for improving learning
outcomes for online learning, several limitations should be acknowl-
edged and addressed in future research. 

First, while the chosen baseline (Khan Academy with Gemini-2.5-
pro) reflects how students commonly supplement online learning 
in practice, more integrated AI-assisted learning experiences have 
since emerged that combine course platforms with built-in LLM 
support (e.g., KhanMigo4). Future work could compare LearnMate 2

against such systems to better isolate the specific benefits of its 
closed-loop planning, studying, and adaptation workflow. 

Second, our evaluation focused exclusively on Khan Academy’s 
World History Project to maintain consistency for comparative anal-
ysis purposes. This domain-specific focus may restrict the general-
izability of findings. Future work can expand to diverse academic 
domains, including STEM fields (mathematics, physics), engineer-
ing, and other subjects, to assess the system’s effectiveness across 
different knowledge types and learning objectives. Similarly, our 
empirical evaluation is limited to data from 40 participants (24 in the 
preliminary study, 16 in the final study). While our within-subjects 
design provides adequate statistical power for detecting significant 
effects, the limited sample size and demographic diversity may 
restrict the generalizability of findings. Future work can explore 
larger-scale evaluations with more diverse participant populations 
to more conclusively validate the outcomes presented in this paper 
and build on the results to highlight additional insights. Moreover, 
our evaluation relies on learner-reported perceptions and quiz per-
formance rather than expert assessment of output quality. Future 
work could include blind expert evaluation of LearnMate2’s gener-
ated plans and responses relative to general-purpose LLMs to better 
assess pedagogical efficacy independently of learner preferences. 

In addition, LearnMate2 currently focuses on the planning, study-
ing, and adaptation components of the learning workflow, but this 
does not encompass the complete online learning experience. Par-
ticipant mentioned that reminder notifications are also important 
to help them stay on track and maintain motivation over time. Fu-
ture work could investigate what and how proactive notification 
systems and motivational interventions can enhance long-term 
engagement and help learners persist through course completion in 
online learning environments. Furthermore, the short study dura-
tion limits our ability to fully evaluate StudyMate and AdaptMate, 
both of which are designed for longer-term use. A single-session 
study cannot capture these longitudinal dynamics, nor can it assess 
whether learners develop genuine self-regulation skills or grow 
increasingly reliant on system scaffolding over time. Future work 
should evaluate LearnMate2 over multiple weeks in naturalistic
settings to better understand long-term learning outcomes, skill 
retention, and changes in learner autonomy. 

Finally, future work could involve the expansion of LearnMate2 .
The system can be adapted to support underrepresented learner 

4https://www.khanmigo.ai/

populations such as students with ADHD, dyslexia, or those with 
varying levels of digital literacy who may benefit from different in-
teraction modalities or interface designs. Additionally, LearnMate2
can be developed as a flexible plugin that integrates with existing 
online learning platforms such as Khan Academy, MOOCs, and 
YouTube tutorials to maximize accessibility and impact. This ap-
proach would provide users with personalized learning support 
within familiar environments, reducing barriers to adoption and 
ensuring that diverse learners can benefit from tailored educational 
assistance. Addressing these limitations could further strengthen 
LearnMate2’s usability and effectiveness, making it a more adapt-
able and scalable solution for online learning. 

8 CONCLUSION 
This study introduces LearnMate2 , an LLM-powered system de-
signed to support learners in online learning through personalized 
study plans, real-time contextual assistance, and adaptive learning 
activities that adjust based on ongoing progress assessment. By 
leveraging natural language processing and interactive prompts, 
LearnMate2 enhances the online learning experience, extending
the effectiveness and accessibility of online education for diverse 
learner populations. 

Our findings from both preliminary and final user studies demon-
strate that LearnMate2 significantly improves learning outcomes
and user experience compared to traditional online learning ap-
proaches. Each component provides unique benefits: personalized 
study plans improve accountability and ease of following through 
structured guidance; real-time contextual assistance enhances ac-
cessibility and learning effectiveness, particularly for memorization-
intensive subjects; and adaptive learning activities improve learning 
confidence and autonomy by identifying strengths and weaknesses 
that learners cannot recognize independently. Findings from final 
user studies also show that when integrated as a complete work-
flow, LearnMate2 demonstrates that the orchestrated combination
of planning, studying, and adaptation creates a synergistic effect 
that enhances overall learning effectiveness, efficiency, engagement, 
and motivation beyond what individual components could achieve 
in isolation. Additionally, the study highlights the importance of 
integrating LLMs in educational contexts to provide instructor-like 
support in online settings where traditional guidance is limited. 

The insights gained from the design and evaluation of LearnMate2
provide valuable guidelines for developing future LLM-powered 
educational tools that enhance learning outcomes through per-
sonalized workflows and adaptive support. Our design implica-
tions emphasize building plan-study-adapt feedback loops, offering 
provenance-aware support, and maintaining user agency through 
transparent system adaptations. Future work will explore expand-
ing the system’s capabilities and examining its application in broader 
educational contexts. Together, we aim to foster a more effective, 
accessible, and learner-centered online learning experience. 
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