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Abstract

Sustained student engagement remains a persistent challenge in realizing the full potential of
Al-enhanced learning environments such as intelligent tutoring systems. Goal setting—defining
clear, quantifiable objectives for effort and performance—has been shown to enhance motivation
and performance. However, traditional goal-setting interventions in K-12 education, often re-
liant on teacher, parent, or tutor facilitation through paper-based contracts, face scalability and
integration challenges in digital learning contexts.

This thesis addresses this gap by designing and studying technology-mediated, personalized,
and data-driven approaches to facilitate and scale goal support, defined as structures that aid
goal setting, feedback, and the distribution of rewards contingent on goal completion. Drawing
inspiration from how traditional goal setting facilitates accountability between learners and a
human tutor, the research explores how intelligent systems can similarly scaffold goal and effort
regulation processes while preserving student agency in setting goals and learning associated
metacognitive skills of effort regulation, calibration, and goal selection.

Specifically, this work presents the design, implementation, and evaluation of intelligent goal-
setting support systems embedded within active learning platforms. Theoretical predictions cen-
ter around estimating the utility of data-driven goal recommendations, performance feedback,
and goal tracking mechanisms using learning system log data. Experimental studies in K-12
classroom settings, centered in grades 5-9, evaluate the effectiveness of adaptive goal-setting
interventions on student engagement and learning outcomes. A secondary focus is placed on
modeling how achievement events and goal adjustment moments influence student trajectories
over time, investigating whether adaptive support can propel students into positive achievement
cycles that may foster independent effort regulation.

Empirical findings demonstrate significant engagement and skill mastery benefits of goal-
setting support in classrooms beyond tutoring without goal setting. Goal achievement was linked
to larger intervention benefits, and adaptive goals, as well as data-driven feedback to guide goal
adjustments, were found to enhance student goal completion rates significantly. Though broadly
effective for over 80% of students, students who benefited less demonstrated higher levels of
baseline engagement. It is conjectured that these students may already exhibit high degrees of
intrinsic motivation, which are known to offset reward benefits for performance when rewards
are clearly tied to performance or goals are perceived as coercive.

To test this account, the final proposed study will investigate the at-scale application of
more frequent goal adjustments delivered through dashboards that enhance frequent student goal
choice without researcher facilitation on-site. Explanatory variables assessed through surveys of
intrinsic motivation, perceived choice, as well as goal orientation will further explicate and test
this interpretation. Findings from this study are expected to guide future efforts in psychometric
assessment that could guide finer-grained adaptivity in effort goal delivery through data.

Findings of this thesis advance SRL theories in adaptive learning systems by adding an adap-
tivity loop to the regulation of effort outside of practice, in addition to metacognitive support
during learning. Practically, this work provides empirical evidence on the efficacy of adaptive
goal recommendations and offers a scalable solution that alleviates teacher workload. Finally,
this research advances scientific understanding of the longitudinal effects of incentivizing effort



regulation through extrinsic rewards across different learners, finding that beneficial goal-setting
effects are generally sustained over time, but also can lead to differential effects if learners lack
goal choice or scaffolds to set realistic goals that they can achieve. These insights can help make
educational technologies for deliberate practice in STEM more effective for knowledge acquisi-
tion.

Keywords: Goal Setting, Effort Regulation, Intelligent Tutoring Systems, Learning Analytics,
Educational Technology, Homework Support, Low-Cost Interventions, Motivational Scaffolding,
Human-Computer Interaction, Hybrid Tutoring, Learning at Scale, Educational Data Mining.
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Chapter 1

Introduction

Active learning environments—such as intelligent tutoring systems and teachable agents—hold
promise for improving educational outcomes by engaging students in sustained, effortful problem-
solving activities [62]. However, these benefits are highly dependent on students’ ongoing moti-
vation and commitment to practice. Although adaptive instructional systems effectively person-
alize learning experiences based on individual needs, their overall impact is constrained when
students fail to invest sufficient time and effort [41].

Practice goal setting—the process of establishing clear, quantifiable objectives related to
effort and performance, often linked to contingent rewards—has been shown to be a effective
method for increasing student effort during learning [5]. Traditionally, such interventions have
relied on paper-based contracts involving parents or teachers [5,80]. However, these approaches
face limitations in terms of scalability and integration with digital learning environments [82].

Thesis statement: In this thesis, I contend that embedding evidence-based strategies for goal-
setting may not only replicate, but exceed their known benefits [5], when effectively embedded into
technology-enhanced learning environments that provide continuous feedback and data-driven per-
sonalization at scale.

There are compelling reasons to conjecture that embedding practice goal setting within digital
learning environments introduces unique affordances. First, these environments provide objec-
tive measures of student activity, allowing for continuous, automated feedback on effort and self-
regulation—features that have proven critical in prior research [84]. Second, when well-designed,
adaptive learning systems improvement across all student groups and thereby helping to close
opportunity gaps in learning. This means that per unit of additional instruction learners engage
with through goal setting, they may benefit more than from traditional instruction, and opportu-
nity gaps may close [5,62]. Third, such systems offer scalability, allowing human resources—such
as teacher attention—to be distributed more efficiently, which we is known to improve or at least
modulate in-tutor learning [20, 56,59,60].

Aligned with the principle of human-Al complementarity in educational technology design
[52], the interventions examined in this dissertation extend beyond traditional technology sup-
port for self-regulated learning (SRL) by focusing on more foundational self-regulation processes,
particularly effort regulation. In contrast, most Al-driven learning technologies designed to sup-
port SRL have concentrated narrowly on cognitive and metacognitive strategies during task ex-
ecution [8, 68]. However, foundational SRL processes—such as managing effort and setting or
calibrating goals—remain underexplored within intelligent learning environments, despite their
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critical role in sustaining student engagement and achievement [70]. Notably, these processes of-
ten occur outside the immediate context of tutoring systems and learning sessions, taking place
before learning begins and after it concludes [47]. The theoretical contribution of this work is to
conceptualize and investigate how learning technologies can support these peripheral yet essen-
tial phases of self-regulation. By leveraging adaptive, data-driven insights, this research proposes
interventions that guide students in managing their effort and goals beyond the confines of task-
level support, thus expanding the scope and impact of intelligent learning environments and their
adaptivity.

1.1 Research Objectives

This research seeks to embed adaptive goal-setting support into active learning systems. By lever-
aging learner performance data, the proposed research facilitaties feedback delivery, personalized
goal recommendations, and accountability structures that have traditionally relied on human fa-
cilitation [18]. Building on prior work in adaptive behavioral feedback [1] and the calibration of
self-regulated effort through feedback [48], this research examines how Al-driven goal-setting in-
terventions can promote sustained student engagement and improved learning outcomes. The fi-
nal proposed study will aim at largely automating and scaling the process of goal support through
a human-AI hybrid tutoring program or dashboard, including targeted support for students not
meeting their goals. The central objective of this thesis is to explore the design, implementa-
tion, and evaluation of intelligent practice goal-setting support in active learning environments.
Specifically, this research aims to:

+ Evaluate the impact of practice goal-setting support on student effort and skill mastery
in real-world educational settings using educational technologies based on active problem
solving practice.

+ Analyze how adaptive feedback loops influence student effort calibration and goal adjust-
ment, and achievement, and learning.

 Develop scalable means that automates feedback and provides personalized goal recom-
mendations.

1.2 Expected Contributions

This research contributes to both theoretical and practical advancements in Al-supported active
learning. The anticipated contributions include:

» Frameworks for integrating goal-setting support into Al-driven learning environments,
bridging research on goal attainment, self-regulation, and adaptive learning technologies.

« Empirical evidence on the effectiveness of adaptive, data-driven goal recommendations in
improving student engagement and learning outcomes.

« Scalable methods for practice goal setting that reduces teacher workload while maintaining
student autonomy and personalized learning pathways.

« Insights into the role of adaptive feedback in supporting foundational self-regulation ac-
tivities necessary for effective goal pursuit in Al-enhanced learning systems.



1.3. STRUCTURE OF THE THESIS

1.3

Structure of the Thesis

The remainder of this thesis is organized as follows:

Chapter 2 provides a comprehensive review of related work in goal setting, self-regulated
learning, and active learning systems.

Chapter 3 summarizes early design research and a pilot study with parents, traditionally
stakeholders of goal contracts, paving the way for interventions that followed.

Chapter 4 presents an empirical evaluation of goal setting with rewards in personalized
learning through quasi-experimental methods.

Chapter 5 focuses on differential outcomes of the intervention, including those predicated
on adaptive goal setting.

Chapter 6 describes the final proposed thesis study addressing scale and additional support
for students with low goal achievement with the thesis completion timeline.



Chapter 2

Background and Related Work

This chapter was adapted from my published doctoral consortium paper:

Conrad Borchers, Kenneth R. Koedinger, and Vincent Aleven. 2025. Intelligent Support for Practice
Goal Setting to Enhance Learning. In Proceedings of the 26th International Conference on Artificial
Intelligence in Education (AIED ’25). Palermo, Italy.

Summary Statement in Relationship to Thesis

This chapter reviews existing research on goal setting, self-regulated learning (SRL), and their
integration into Al-driven educational technologies. It identifies gaps in current approaches and
motivates the need for intelligent, scalable goal-setting support in active learning environments.
The chapter establishes a theory of change in adaptive practice goal setting motivated by empirical
findings and theoretical considerations grounded in prior research.

2.1 Principles Guiding Data-Driven Goal Support

The chapter begins by outlining literature-derived principles that could make data-driven goal
support effective. So below I outline each of these principles and relate them to this thesis re-
search. Afterwards I then derive specific hypotheses and a theory of change building on top of
the principles.

2.1.1 Principle 1: Provide Goal Achievement Feedback

Feedback is a cornerstone of effective learning, benefiting both domain-specific knowledge ac-
quisition and broader self-regulation skills [84]. Regular, targeted feedback improves students’
ability to monitor and adjust their effort toward achieving learning goals. In the context of
Al-supported education, adaptive feedback—tailored in response to learner performance—has
demonstrated effectiveness across various domains [1, 84]. However, most adaptive interven-
tions in educational technology have focused narrowly on providing in-task support, such as
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hints or scaffolding for problem-solving [8,68], while neglecting foundational self-regulation ac-
tivities like effort regulation and goal calibration [43,70]. Similarly, seminal models of adaptivity
in technology-enhanced learning systems, such as intelligent tutoring systems, do not consider
adaptivity in relationship to student effort regulation beyond adaptivity to affect and engagement
once learning is already underway [4].

What could feedback and adaptivity look like in the context of goal setting where students
observe and potentially adjust goals over time? And how effective is that for learning? This
question is a central one in this thesis. Recent studies highlight the potential of integrating
adaptive feedback with data-driven goal recommendations to enhance students’ capacity for self-
regulation [18,82]. Such interventions could not only guide students in adjusting their goals based
on performance (as described next) but also sustain engagement by fostering reflective practice.
Despite their promise, adaptive goal-setting mechanisms remain underexplored in Al-supported
learning systems, presenting a critical opportunity for future research and design innovation.

2.1.2 Principle 2: Adapt Goal Recommendations to Past Performance

Goal-setting theory asserts that specific, challenging goals enhance performance by directing at-
tention, mobilizing effort, and fostering persistence [70]. In educational contexts, this translates
to practice goals framed around quantifiable objectives, such as problem completion or time al-
location, which are proven to improve student engagement and outcomes [5,57]. To maximize
effectiveness, goal recommendations should be dynamically adapted to students’ historical per-
formance averages, based on evidence from behavioral health interventions [1]. This adaptive
approach ensures that goals remain attainable yet sufficiently challenging, thereby optimizing
the probability of success and amplifying engagement benefits [97].

Traditional implementations of goal-setting, including paper-based contracts involving par-
ents or teachers, leverage extrinsic rewards and social accountability to sustain effort [5]. How-
ever, these methods face limitations in scalability and responsiveness, particularly in digital learn-
ing environments where real-time data can inform more nuanced adaptations. By automating
goal-setting processes and embedding them within educational technologies, it becomes feasi-
ble to support large student populations without increasing the workload for teachers and care-
givers [82].

Therefore, a central objective of this thesis is to devise interventions that can leverage learner
data to adjust and recommend goals over time to improve longitudinal performance in addition
to just providing feedback on performance as such. This could give learners the opportunity to
gradually improve their learning achievement. Yet in the context of K-12 education such inter-
ventions have not yet been studied and methods for scaling such support for example through
dashboards are also under explored.

2.1.3 Principle 3: Retain Learner Autonomy for Extrinsic Goals

Self-determination theory distinguishes between intrinsic motivation, driven by inherent inter-
est, and extrinsic motivation, driven by external outcomes [35,85]. Though often seen as oppo-
sitional, intrinsic and extrinsic motivators can jointly enhance performance, including in edu-
cation [28]. Crucially, extrinsic motivation varies in autonomy—from externally imposed (e.g.,
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avoiding punishment) to self-endorsed (e.g., pursuing meaningful goals) [83,85]. This thesis de-
fines autonomy as the degree of personal choice in motivation, consistent with SDT [35].

Autonomy has been shown to support goal progress by increasing effort, reducing conflict,
and fostering readiness for change [64], with benefits confirmed in adolescents and young adults
[65]. Yet, some students may not view math practice as worthwhile, perceiving classroom goals
as imposed—beliefs that predict effort and achievement [46]. Whether student-involved goal
setting improves outcomes remains an open question, particularly given the limited research on
autonomy in naturalistic educational settings [67].

Given the notable empirical evidence to retain autonomy in goal setting with extrinsic re-
wards [28,79] as well as my own design research demonstrating that students prefer final control
over goals when they are recommended through Al [20], I build on these principles to study how
effective learner-centered goal achievement in tandem with data driven recommendations is in
authentic K-12 classrooms. This high level of learner oversight over the goal-setting process is
also true to the original intervention I built on where parents or teachers jointly set and negotiate
goals with the student [5,57].

Yet, scaling such learner-centric interventions that retain autonomy within digital learning
environments requires thoughtful integration. Embedding social accountability structures—such
as tutor-mediated goal reviews or digital contracts—into Al-supported systems could sustain stu-
dent motivation while preserving scalability.

2.2 Theory of Change Overview

In sum, data-driven goal support in Al-enhanced learning, as conceived in this thesis, is founded
on the seamless integration of adaptive feedback, performance-based goal adjustments, and learner-
mediated autonomy. By addressing these foundational principles, learning technologies could
move beyond task-specific scaffolding toward fostering sustained student engagement and achieve-
ment. Addressing this gap is the primary contribution of the present thesis.

The presented research investigates how intelligent practice goal-setting support can improve
student engagement and learning in active learning environments. Building on the principles
outlined above, and grounded in foundational goal-setting and effort regulation theories [70], the
study proposes and tests three central hypotheses that inform both the design and evaluation of
the interventions.

The first hypothesis (H1) posits that actively involving students in goal setting, while preserv-
ing their control over final goal selection, enhances effort regulation and engagement during online
practice activities. This claim builds on evidence from autonomy benefits in goal progress toward
extrinsic rewards [64,65] and past practics of goal-setting contracts in non-digital contexts, where
learners are setting goals jointly with a teacher or parent [5,80]. Does the same hold true when
the students independently set goals with historical performance averages based on their data
are used to negotiate practice goals with limited human oversight?

The second hypothesis (H2) focuses on the dynamic aspect of goal pursuit, hypothesizing
that regular feedback and adaptive goal recommendations based on students’ historical performance
improve the likelihood of goal achievement, thereby sustaining engagement and learning over time.
Feedback plays a dual role: it not only facilitates general domain learning but also strengthens stu-
dents’ self-regulation by improving their ability to monitor and adjust effort toward goal attain-
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ment [84]. Furthermore, aligning goal recommendations with students’ historical performance
averages draws from past successful behavioral science interventions in adult populations [1].
These adaptive adjustments are expected to enhance the probability of goal achievement and,
consequently, maintain student engagement, given the known motivational benefits of meeting
goals, such as reduced procrastination [97].

The third hypothesis (H3) asserts that achieving practice goals, especially when reinforced
through rewards promotes further engagement and learning. Empirical studies have demonstrated
that goal-setting contracts with teachers, tutors, or caregivers can significantly boost student
effort and learning outcomes [5,57]. Such interventions leverage external accountability and
contingent rewards to motivate students, yet, again, have seen little evidence when delivered
at scale through data, Al, and limited human supervision (as is common in large classrooms
or at-scale remote tutoring). Past research predicts that goal achievement boost motivational
longitudinally, while lack of achievement can have the opposite effect [97]. To investigate this
hypothesis, I model both the overall intervention effect as well as its relationship to these fine-
grain, longitudinal achievement events.

Towards the proposed final thesis study, scalability of past goal interventions remains limited
due to the need for continuous adult involvement. This research aims to address that limitation by
automating goal recommendations and feedback mechanisms while preserving the motivational
benefits of accountability provided by teachers or human tutors. By embedding goal-setting sup-
port within digital learning environments, data-driven goal setting could promote sustained en-
gagement at scale, complementing human facilitation with scalable technological solutions [52].

. Observable
Interventions . Outcomes
Behaviors

Student-Controlled Autonomous

- Goal Selection
Goal Setting (H1) (H1)
Effort o
Goal Feedb.ack + > Adjustment _ ime ?PF‘“ —_— Skill Mastery
Recommendations (H2) (H2) Practicing
Goals with Contingent Achi(e}gzllnent /
Rewards (H3) - Events (H3)

Figure 2.1: Theory of change diagram with three hypotheses: H1 (Active Goal Setting), H2 (Adaptive Goal Adjust-
ments), and H3 (Impact of Goal Achievement). These hypotheses are examined in relation to practice engagement
and skill mastery outcomes.
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Together, these hypotheses form the basis of the thesis’ theory of change, illustrated in
Figure 2.1. The proposed model links student-controlled goal setting (H1), adaptive goal feed-
back and adjustments (H2), and the impact of goal achievement (H3) to key outcomes such as
practice engagement and skill mastery. As I go on to discuss, I assume a general link whereby
more practice engagement (most commonly measured in time across educational technologies)
leads to more learning opportunities to practice cognitive skills and, hence, content mastery. The
empirical relationship between opportunities and mastery in educational technologies provid-
ing practice opportunities with feedback and as-needed instruction through hints is backed up
by large scale empirical evidence of tutoring system data [41, 62,89]. While time might not al-
ways lead to productive learning opportunities, and the efficiency of time use may differ between
students [11,18], in general, I expect more time to lead more practice.

Each hypothesis is systematically examined across the studies presented in this dissertation.
Chapter 5 tests H1 by evaluating the effectiveness of student-led goal setting on engagement and
learning outcomes through an experiment in contrast to teacher assigned goals. Chapter 5 also
addresses H2 by comparing static goals to adaptive, data-driven goal recommendations and in-
vestigating how goal achievement trajectories influence future success. The general effectiveness
of goal setting with contingent rewards (H3) is both analyzed in Chapter 4 as well as through anal-
yses of how rates of goal achievement relate to the general intervention effect (also in Chapter
5). Finally, Chapter 6 outlines proposed work that extends the findings related to H3, specifically
targeting improved support for students who struggle to meet their goals.

To operationalize these hypotheses, goal-setting support interventions were designed to inte-
grate with existing learning platforms data that track student activity. Leveraging real-time per-
formance data, the interventions dynamically inform personalized goal recommendations while
maintaining student autonomy in the final goal selection (see Chapter 5).



Chapter 3

Goal Setting Contracts: A Low-Cost
Intervention in Tutored Practice

This chapter was adapted from my accepted conference paper:

Conrad Borchers, Ha Tien Nguyen, Paulo F. Carvalho, Kenneth R. Koedinger, and Vincent Aleven.
2025. Goal Setting Engages More Caregivers Than Instructional Support in Online Math Homework.
Accepted to the European Conference on Technology Enhanced Learning (EC-TEL ’25).

Summary Statement in Relationship to Thesis

In this chapter, I report on a pilot study of a lightweight goal-setting contract implemented in a
middle school classroom and integrated into a math tutoring system. The contract was compared
to a more involved intervention that had been co-designed with caregivers and required hands-
on support via in-system collaboration. Despite its simplicity, the goal-setting contract achieved
substantially higher uptake among students, suggesting that low-friction goal support may offer
a more scalable alternative to resource-intensive designs. These findings motivate the broader
integration of classroom-based goal contracts into intelligent learning systems to support self-
driven and personalized student practice, as is explored in the ensuing chapters of this thesis.

3.1 Introduction and Related Work

Caregiver (i.e., a parent or member of a child’s caring community) involvement can be critical for
academic achievement, contributing motivational and instructional homework support. Care-
giver involvement has been linked to higher grades and better test performance [55]. However,
many caregivers face barriers, such as limited time, resources, and content knowledge, hindering
homework support [81], and exacerbating opportunity gaps.

What motivates caregivers to support their students with homework? Seminal work [53]
identifies three key factors: (a) perceptions of responsibility, (b) beliefs that their help is effec-
tive, and (c) perceptions of whether their student and school expect their involvement. However,
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since this framework was established nearly three decades ago, the homework environment has
become increasingly digital [75], potentially altering caregiver roles. Recent research highlights
new opportunities for caregiver involvement brought by the increasing availability of educational
technologies in K-12 education, such as improving teacher-student communication through in-
stant messaging and supporting student self-regulation during online homework through learn-
ing analytics [45,78,82].

Yet, these studies do not fully explore how novel technologies and interventions can en-
courage caregiver involvement in ways aligned with [53]’s model. For instance, technology
could enhance caregivers’ perceived efficacy by helping them better understand their student’s
homework, particularly in challenging subjects like mathematics [78]. Alternatively, it could
strengthen motivational support as another key caregiver homework role [82]. While promis-
ing, the adoption rates of such interventions remain unclear. This study addresses this gap by
comparing two novel interventions designed to support caregiver involvement in digital math
homework and their adoption rates, including for known-to-be effective interventions such as
goal setting [5,18]. As a secondary contribution, we study the obstacles to caregiver support in
students’ tutoring system practice that technology may introduce or solve.

3.1.1 Instructional vs. Motivational Caregiver Tools and Roles

The current study examines the feasibility and affordances of two distinct approaches to caregiver
involvement in helping students engage in tutoring system practice. The first approach, a "hands-
on” design, encourages caregivers to collaborate with students and bridge knowledge gaps, ar-
gued to address curricular challenges caregivers often report [78, 81]. The second approach, a
“hands-off” goal-setting model, leverages caregiver-student goal setting, which has been found
effective in past research but has not been studied in tutoring systems [5].

As an instructional, hands-on tool, we study intelligent tutoring systems (ITS) that enhance
student learning across K-12 and early college settings [66]. While ITS have shown promise in
digital homework [39], their potential to help caregivers support their students in ITS practice
remains underexplored. Caregivers often excel at providing emotional and motivational encour-
agement but often lack confidence in instructional roles [50]. This raises the following key ques-
tions: How can an ITS, suitably enhanced, complement caregivers’ strengths? Can these systems
enhance caregivers’ instructional capabilities [53]? Research has highlighted caregivers’ need for
tools that help bridge content knowledge gaps [78]. Nguyen et al. [78] found that caregivers favor
conversational support systems that offer step-level guidance during homework when integrated
with ITS, underscoring the importance of integrating instructional aids into ITS.

In contrast, as a motivational, hands-off tool, we study a goal-setting approach that draws
from research on homework behavioral contracts [80]. Cooper [30] defines contingency con-
tracts as written agreements between two parties that specify roles, assigned tasks, designated
rewards for the student, and the conditions required to earn rewards. Lab studies indicate that
student practice time increases when parents and students jointly establish goals [57]. More re-
cent literature reviews further support the effectiveness of contingency contracting in fostering
cognitive and non-cognitive skill development in students [5].

While tutoring systems can help address instructional barriers faced by caregivers, goal-
setting contracts may be more accessible due to requiring less active engagement. We conducted
technology probe studies in two middle schools with distinct student populations. This setting

10
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allowed us to examine differences in the feasibility, adoption, and perceived effectiveness of these
tools. We ask:

RQ1: To what extent do caregivers engage with (hands-on) intelligent tutoring and (hands-
off) goal-setting probes for homework support?

RQ2: What are strategies to overcome common obstacles to caregiver engagement in
computer-supported homework?

3.2 Methods

This study investigates the feasibility and desirability of novel designs for middle school caregiver
homework support in mathematics ITS. Technology probes allow us to (1) collect information
about real-world use and user, (2) field-test the novel caregiver tool, and (3) generate design
insights into homework support tools in middle school math supported by learning technologies
[54].

3.2.1 Participants and Recruitment

The study involved two American middle schools: East School, a suburban school in the North-
eastern US, and West School, a suburban school in the Pacific Northwest. Both schools were
recruited through previously established research partnerships with schools and school districts.
Permission to conduct research was obtained from both schools following the approved IRB pro-
tocol.

We initiated contact with participating mathematics teachers by obtaining research permis-
sions from school administrators. Collaborative discussions with administrators and teachers
helped determine the classes involved in the study and set adequate data collection time frames
and mathematics content.

Students of the East School participated in the study across two eighth-grade classes, taught
by the same teacher and totalling 44 students. One class, Class 1, consisting of 24 students, was
taught a standard eighth-grade math curriculum, while the other class, Class 2, with 20 students,
followed an advanced math track based on state test scores. The student population of East School
is predominantly Caucasian (90%) and 45% of the student population was classified as low-income
based on Free/Reduced Lunch (FRL) statistics available. Less than 5% of the students are English
Language Learners (ELL). Overall, 35% of the total school-wide student population met state math
standards, representing curricular proficiency expectations for students of that grade level.

At West School, a classroom of 31 students participated. The classroom comprised standard
eighth-grade math students, special education students, and English language learners (ELL). One
teacher acted as the primary instructor. A second teacher provided additional support, particu-
larly for the special education students. Based on national statistics, the student population at
West School is 20% Caucasian and 75% of the students were classified as low-income based on
Free/Reduced Lunch (FRL) and official state government resources, and 25% were ELL. Overall,
30% of the total school-wide student population met math standards assessed by the Smarter Bal-
anced Assessments. All school demographics are rounded to 5% points to preserve anonymity.
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3.2.2 Tutoring System Probe
3.2.2.1 Recruitment Process

Student-caregiver pairs in both schools were recruited to receive access to the caregiver support
probe, which involved caregivers using the tutoring system “hands-on.” First, a study strategy
was determined with the participating teachers. After securing approval from the school and the
teacher, the participating mathematics teacher distributed an email to all caregivers containing
information about the study and its objectives. These details were provided as an email attach-
ment containing an official letter about ten days before the study was to start. This letter explained
that caregivers had the opportunity to participate in a study trialing a novel homework support
tool designed for caregivers, emphasizing that participation was voluntary and detailing the data
collection process. Based on teacher discussions, translated study materials were provided to
multilingual households at West School so that no household was excluded from participating in
the study.

In addition to the letter, caregivers completed an informal, 30-minute onboarding Zoom ses-
sion, which walked them through the tool’s functionalities. One research team member walked
participants through the system using a slideshow, as well as live demos of the tool. Participants
were given an opportunity to have any questions answered and to test the system live through
test accounts during the session.

Across both schools, students and caregivers could sign up for the study and continue to do
so until the last day. Caregiver consent and student assent were obtained for tool access. One
caregiver per household could participate. Caregivers signed up for the study by filling out an
online consent form in Qualtrics, followed by a brief survey on their household’s demographics.
Finally, all caregivers received a third letter that allowed them to opt out of having their student’s
practice log data retained for research purposes. No caregiver, however, opted out of that option.

3.2.2.2 Tutoring System Technology Probe Design

Details on the hands-on caregiver system design and its implementation can be found in past
research and is not described in detail in this thesis as it is not the focus of its inquiry [19,78,96].

3.2.3 Homework Contract Probe

A second design probe was introduced at West School only, focusing on caregiver accountability
beyond problem-solving support. This probe, and the decision to only trial it at West School,
emerged from preliminary thematic analyses of interviews at East School, which revealed care-
givers’ inability to provide accountability support through the tool. The probe aimed to assess
caregivers’ perceived usefulness and response rates, aligning with the broader research goal of
developing an intervention accessible to diverse caregivers. To that end, this probe did not re-
quire a formal sign-up process but was handed out to students similar to a homework assignment
requiring caregiver sign-off at home, as detailed below.

The decision to implement a goal-setting contract was also informed by design research in-
dicating that students prefer goal-setting support over other evidence-based, offline homework
interventions when using tutoring systems [82]. Adapted from recommendations in [80], the
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homework contract was performed on paper and encouraged caregivers and students to negoti-
ate practice goals and, optionally, rewards. Caregivers could also commit to providing tutoring
or other forms of support. Fig. 3.1 shows a contract example. To ensure accessibility, the contract
was translated into multiple languages for non-English-speaking caregivers.

Homework Contract

Purpose: This contract will support you (the student) to practice math at home. You will practice
math with tutoring software on your laptop or phone. This contract will also support your
caregiver/parent in helping you reach your goals. This contract asks you to set goals, expectations,
and rewards related to your math practice.

What to do? Please read the contract carefully, fill and sign it. Please specify if you wish to commit
to each promise by ticking the square next to it and filling it accordingly. The parts marked as blue
should be filled by the student and the parts marked by red should be filled by the caregiver/parent

As part of the contract, the student agrees to:
(O Spend |§ minutes per day practicing math at home with the tutoring software
If the promise is met, as a parent, | reward the student by

e X
) bi ;
Comedien W vl S delee
[0 Spend L. 5&hour(s) per week practicing math at home with the tutoring software
If the promise is met, as a parent, | reward the student by:

L PG A ORI ~ R VR i,

{ A {

1, = ¢
s b _ frat b

i p Y A o -

- - T
[0 When practicing math at home, | want to master 1: skills every 2{/weeks]
[Note: the yellow bars in your tutoring software turn green when you have mastered a skill]

If the promise is met, as a parent, | reward the student by:

TahlPie Wl i e oF W2 &l

!

X &

[Optional: Fill out the line below with ahy other promises]

O

As part of the contract, the caregiver/parent agrees to:
Er Provide the rewards above upon goal completion

& Spend around \_:_):Ohour(s) per week helping my child in their homewaork
[Optional: Fill out the line below with any other promises]

O

Figure 3.1: Example redacted homework contract.

On the first day of the study at West School, a researcher introduced and passed out homework
contracts for students to complete at home. A participating teacher reminded the students to
complete and submit the contracts to the researcher in class daily. Twelve students returned
homework contracts in the first week, and five students returned homework contracts in the
second week, with 17 out of 31 (54.8%) homework contracts returned by the end of the study.

3.2.4 Procedure

The study took place over four-week periods. The first two weeks involved classroom practice
without caregiver involvement, followed by two weeks with the intelligent caregiver support
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module probe to support caregiver engagement. Students practiced linear equations using the
Lynnette ITS [72] for about 30 minutes daily in class. Lynnette offers immediate feedback and
step-level hints. Daily assignments included 12 problems, with unfinished problems completed
at home. For students who finished early, Lynnette integrated additional units on graph inter-
pretation. Log data captured student practice, caregiver engagement, and tool interactions, in-
cluding system usage time, hint requests, problem completion rates, and caregiver notifications.
These metrics were used to assess engagement and identify usage patterns, logged in the standard
DataShop format for tutoring systems [61]. A researcher was present in the classroom through-
out the study to address technical issues, observe student engagement, and document factors
influencing tool use. Teachers maintained their regular classroom routines, offering occasional
support during student practice.

3.2.5 Data Analysis Methods
3.2.5.1 Engagement Rates (RQ1)

were defined by the extent of caregiver and student interaction with the probes. Caregiver en-
gagement was measured through: Caregiver Tool Signup and Usage: Caregivers were consid-
ered engaged if they signed up and recorded at least one session in the tutoring system’s support
module based on log data. Caregiver Tool Signup but No Usage: Dropout rates reflected care-
givers who signed up but did not use the system, based on the absence of logs. Homework
Contract Return: Engagement with the homework contract probe was measured by the return
of a signed contract, whether signed by a caregiver or another household member acting in a
caregiver role.

For an exploratory analysis featuring 31 West School students, we measured engagement
through average weekly math practice time based on session start and end timestamps in log
data. To compare engagement between students who completed the contract and those who
did not, we conducted a ¢-test, with students as the analysis unit. We replicated the 7-test for
in-class and out-of-class usage as separate outcomes, as we predicted that out-of-school student
engagement might be more sensitive to caregiver support differences. For robustness, we also
report Wilcoxon rank-sum tests as we observed skew in our data.

3.2.5.2 Observation Notes (RQ2)

Analyses related to RQ2 derived strategies to overcome common obstacles to caregiver involve-
ment in digital homework. Specifically, researchers observed students during homework practice
sessions in classrooms, noting factors that influenced engagement or lack of participation—such
as barriers, challenges, or personal preferences—through brief informal discussions with students
(and, at times, with participating teachers). Some student responses reflected caregivers’ perspec-
tives on tutoring system support and reasons for non-participation or probe signups. These ob-
servations were triangulated with pre- and post-interview data and log data analyses to provide
a comprehensive understanding of caregiver involvement challenges.

We used an open-ended thematic approach and consensus-based analysis [31,49]. Two re-
searchers reviewed class observation notes and separately developed themes related to RQ?2.
Themes were grouped according to forms of caregiver engagement, involvement styles, and
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household obstacles. The researchers then discussed the generated themes iteratively until they
reached a consensus.

3.3 Results

3.3.1 RQ1 Engagement rates

We analyzed system log data to gain quantitative insight into caregiver signup rates. Signup
rates were generally low (12%). The dropout rate, defined as signing up to use the tool but not
using it, was 20% in East School and 50% in West School. While caregiver engagement with

Table 3.1: Comparison of Caregiver Signup Rates for the Instructional, Hands-On Tool between East and West
Schools.

East School West School Overall

# Students (Periods) 44 (2) 31 (1) 75 (3)
# Signups (Dropouts) 5(1) 4(2) 9(3)
Signup Rate 11.4% 12.9% 12.0%
Dropout Rate 20.0% 50.0% 33.3%

the caregiver support module was comparatively low at West School, households were relatively
receptive to the homework goal-setting contract probe. All households were sent the contract,
and 54.8% returned a signed homework contract. Among those, 34.5% agreed to provide help with
homework, and 27.6% agreed to combine help with offering rewards. Overall, adoption rates of
the hands-on instructional tool (12.0%, N=75) and hands-off, goal-setting tool (54.8%, N=31) were
significantly different based on a two-sample test for equality of proportions, x?(1) = 19.49, p <
.001.

3.3.1.1 Engagement with Tutoring System after Goal Contract Completion

An exploratory, associational analysis using a sample of 31 West School students was conducted.
Completing the homework contract was strongly associated with increased practice in and out
of school settings. System log data indicated that students who returned the homework contract
practiced more than twice as much per week with the computer-based tutoring system (M = 67.65
mins, SD = 62.83 mins) compared to those who did not (M = 34.33 mins, SD = 28.07 mins), #(29)
= 2.03, p = .052. Due to apparent skew in the data, we confirmed that this difference was also
marginallly significant using a Wilcoxon rank-sum test, U = 162.00, p = .054. The difference was
even more pronounced when filtering data outside of regular classroom hours, where students
who returned a contract practiced three times as much (M = 34.32 mins, SD = 95.14 mins) com-
pared to those who did not (M = 11.54 mins, SD = 57.46 mins), #(26) = 1.91, p = .067. A similar
trend was observed for in-class practice (M = 13.76 mins, SD = 4.81 mins for contract returners
vs. M = 10.25 mins, SD = 6.45 mins for non-returners), #(29) = 1.62, p = .117. Both differences
were similarly marginal when tested using a Wilcoxon rank-sum test (p’s > .054).
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3.3.2 RQ2: Obstacles to Caregiver Involvement
3.3.2.1 Student Perspectives on Non-Participation

Based on informal interviews with students during classroom practice at West School (Section
3.2.5.2), several students (25.8%) mentioned language barriers as a significant obstacle; five stu-
dents (16.1%) reported that their non-English-speaking caregivers could not understand the study
requirements or interact with the tool. Caregiver availability and resources also played a role, as
three students (9.7%) cited busy caregivers who "worked both day and night shifts.” Notably, three
West School students independently came forward to say that their caregiver was not available
to sign contracts; two of them then asked if another family member could sign the contract and
one later returned a contract signed by another family member.

At East School, students might have declined to participate because of the prospect of get-
ting notified about their struggling with a skill and asking their caregiver for help (which the
participating teacher communicated to students before the study). This mechanism was changed
between Studies I and II so that students could always ask for caregiver help through the system,
independent of struggle. The East School teacher phrased it the following way:

TeacherEast: “[Other students] were a little turned off about their parent being notified when
they got work wrong/what content they struggle with while doing the parent study. I told them not
to fear that!”

This perspective was also echoed by a East School student, sharing a preference for requesting
help from their caregiver at any point in time, instead of that option being open only after the
system detected that they were struggling:

Stu3East: T guess I was a little I mean, cause once you like you do it, cause you have to do
it like a certain amount of times to get the option. So it’s kind of So at that point it was a little
frustrating, I guess, because you’d have to like, you know, you’ve already gotten it wrong so many
times.” Stu3East: "I wish it would have been like an option with like the hint thing”

3.3.2.2 Teacher Perspectives on Non-Participation

Some caregivers perceived the signup process and probe as “extra work,” with the East School
teacher remarking that broad caregiver engagement has been challenging for the district:

TeacherEast: "I had a few students tell me that their parents didn’t want them doing the study
due to it "being extra work”.” and “Parent involvement at a middle school level is quite difficult. Our
district especially has this struggle as it has a wide range of socioeconomic status.”

A similar insight emerged from one of the West School teachers, who highlighted that care-
giver engagement for additional education-related activities is challenging for them, in part due
to language barriers. Even though translated documents explaining the study procedure and goal
contract translations were provided, they were likely insufficient for participation:

Teacher1West: “[West School] is a unique place...I think doing it earlier would have gotten
more people because students check out more after Christmas in 8th grade. So if they aren’t engaged,
then the parents are much less likely to be engaged. The diversity we had brings issues with trust of
unknowns and the translation doesn’t always get the message through in the way we want. And it
being a core 8 special education and Multi-language learner class usually has more apathy towards
school and extra work. Like I said, in my [geometry] class we would have probably had almost 100%
involvement just for bonus points. But that isn’t the reality of school.”
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In summary, language barriers and caregiver availability impacted participation, particularly
at West School, where students struggled to engage. At East School, while students were more
engaged, some were initially hesitant about notifying caregivers when struggling with content.
Teacher feedback from both schools highlighted that caregiver involvement was an ongoing chal-
lenge.

3.4 Discussion

Caregiver involvement is crucial for student success, yet factors like time constraints and limited
content knowledge often hinder support [81]. Tutoring systems present opportunities to enhance
caregiver homework support, but effective technology designs [45,78]. We examined two care-
giver engagement modes—a real-time intelligent support module and a goal-setting contract—in
middle school math classrooms. Findings illustrate how both approaches relate to participation
and engagement, offering insights for future designs.

3.4.1 RQ1: How Much Did Carergivers Engage With Each Probe?

3.4.1.1 Lowering Barriers to Active Caregiver Participation

Across schools, the proportion of caregivers who signed up for the tutoring system support was
similar (12.9% at West vs. 11.4% at East School), but dropouts were notably higher at West School
(50% vs. 20%). Observations and informal student comments suggest that some families found the
formal signup and login process burdensome; dropout after enrollment could signify that some
students were able to navigate the tutoring system well on their own (or because no opportune
moment to help live through the system arose). In contrast, the caregiver homework contract
provided less friction, as it was completed on paper and handed out to students, similar to regular
homework assignments.

Future research could systematically explore technology access and competing family respon-
sibilities in contexts where caregivers speak multiple languages or hold multiple jobs [78,81]. Au-
tomated and multimodal translation assistance may be explored to improve inclusivity in future
tool design iterations [98].

3.4.1.2 Aligning Support Tools with Household Routines

Caregivers often engage in motivational support through encouragement and accountability,
yet many lack confidence in tutoring [53, 78]. Accordingly, significantly more households en-
gaged with the goal-setting contract (55%) compared to the tutoring system involvement tool
(12%). Caregivers were more willing to engage in accountability mechanisms than real-time in-
structional guidance. Such accountability benefits students based on past research on contin-
gency contracts in education, which have been shown to improve student persistence and prac-
tice [5,80]. Integrating such motivational support into ITS—potentially through digital contracts
or automated progress reminders—could enhance student engagement without overburdening
caregivers [21]. A limitation of our study is that we cannot gauge how much caregivers en-
gaged with the homework contract beyond completing or signing off on it, which is subject to
future research. Our log data analysis showed that students who completed the contract with
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their caregiver or household member practiced significantly more out of class than those who
did not. This associational analysis, based on 31 West School students, could be explained by a
selection effect (whereby more motivated students are more likely to complete a practice contract
with their caregiver) or by the previously documented effectiveness of goal setting in non-digital
homework [5,80]. Yet, from response rates in this study alone, it is evident that these contracts
are likely to be adopted by a broader range of caregivers and households than directly involving
caregivers into tutoring system instruction. Recent evidence offers quasi-experimental support
for the effectiveness of practice contracts on learning and engagement in educational technol-

ogy [18].

3.4.2 RQ2: Opportunities to Overcome Involvement Obstacles
3.4.2.1 Recognizing the Broader Household Support Network

Observations at West School revealed a need to design for peer and broad household support
beyond the student-caregiver dyad. Three students at West School asked if family members
other than their caregivers could complete the homework contract with them. These students re-
quested to involve their older siblings. Bronfenbrenner’s Ecological Systems Theory emphasizes
that multiple layers of environmental resources (e.g., families and schools) influence a student’s
development [25]. The theory has been successfully used to understand student developmental
outcomes [77]. Accordingly, tool design should integrate the student’s broader family context
and other surrounding mesosystems, such as extended school and community, that connect the
family microsystem to other student experiences.

3.4.2.2 Integrating Goal Setting Into Tutoring Systems

Our current goal-setting intervention presents a low-friction, low-resource tool for caregiver in-
volvement in digital homework. It is possible, though subject to future research, that better
integration of the goal-setting contract with the tutoring system could lead to better student
learning. For instance, systems could integrate lightweight progress notifications in relationship
to goals, which has shown promise in past research [7]. Further, goal-setting tools for tutoring
systems [82] could be merged with data-driven insights for caregivers and students on goal com-
pletion based on log data. Such analytics have been previously successfully used in teacher-facing
dashboards [95]. Integration with other household rituals and media for exercising accountabil-
ity (e.g., through calendar applications or reminders) may further increase the ease with which
caregivers can exercise accountable support.

3.4.3 Limitations

The design recommendations we offered assume that caregivers and students will have access to
learning technologies, digital devices running them, and the internet, which is not always the
case [58]. It is important to note that fundamental needs in caregiver-student relationships are
prerequisites for effective relationships between educational institutions and caregivers, such as
trust [86]. The technology designed here is not intended to displace these needs.

Our study was conducted in two schools with unique institutional contexts, demographics,
and resources. Although these sites provided valuable contrasts in socioeconomic and linguistic
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diversity, the findings may not be generalizable to all K-12 settings, given differences in technol-
ogy adoption and school-home communication, including rural, charter, or private schools.

Moreover, while we captured student practice time based on log data and qualitative indi-
cators of caregiver involvement, we did not measure actual academic improvements. Our focus
was on feasibility and adoption rather than learning gains. Log data and our interviews are also
limited in telling the story of how exactly students and caregivers engaged with goal setting
and technology at home. Analyses of different caregiver use strategies, which could be stud-
ied through at-home observations or richer diary logs and experience sampling, could further
enhance the design and effectiveness of the tools studied here.

3.5 Conclusion

We studied two design probes that allow caregivers to support their students in practicing with
tutoring systems. We contrasted motivational and instructional aids that aim to overcome time,
knowledge, and resource constraints. While caregiver access to a conversational support module
in a tutoring system for live interactions saw low signup and usage rates (12% overall), signifi-
cantly more households chose to engage with a goal-setting probe (55%).

These findings contribute novel evidence that tools enhancing motivational caregiver roles
may be more widely adopted than tools focused on enhancing instructional support that care-
givers provide to students. Even when caregivers lack content knowledge or have limited avail-
ability, goal-setting, and flexible accountability supports may foster meaningful increases in stu-
dent practice. Observational data further highlight the broader “caring community” that sur-
rounds the student—siblings, other relatives, and trusted adults—who may step in where a tradi-
tional parent—child homework partnership is difficult to establish. Future research may focus on
improving the integration between goal-setting contracts and tutoring systems, which can track
goal progress through log data.
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Chapter 4

Learning Benefits of Goal Setting with
Rewards in Hybrid Tutoring

This chapter was adapted from my published conference paper:

Conrad Borchers, Alex Houk, Vincent Aleven, and Kenneth R. Koedinger. 2025. Engagement and
Learning Benefits of Goal Setting with Rewards in Human-AI Tutoring. In Proceedings of the 26th
International Conference on Artificial Intelligence in Education (AIED ’25). Palermo, Italy.

Summary Statement in Relationship to Thesis

In this chapter, I present a quasi-experimental study examining the effects of goal-setting con-
tracts with rewards on student engagement and learning in a hybrid human-AI tutoring context.
In hybrid tutoring classrooms, learners are supported by technology and human tutors through
remote video conferencing software [92]. The intervention was implemented in collaboration
with school partners and integrated into weekly classroom routines, requiring minimal teacher
involvement. Results showed that students who participated in goal setting spent more time on
math practice (about 25%) and demonstrated substantially higher skill mastery (about 40%). The
findings suggest that simple, reward-linked goal-setting can be effectively embedded into hybrid
tutoring programs to boost both engagement and learning (H3 of the thesis’ theory of change;
see Chapter 2). This work supports the broader thesis aim of developing scalable, intelligent
goal-support tools that motivate sustained practice in Al-enhanced learning environments.

4.1 Introduction and Related Work

Goals are “object or aim of an action, for example, to attain a specific standard of proficiency, usually
within a specified time limit” [69]. Setting goals as a motivational and performance-enhancing
strategy has been extensively studied. Seminal work by Locke and Latham [70] identified key
factors contributing to goal achievement: providing goal achievement feedback, fostering goal
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commitment through rewards, ensuring requisite knowledge and skills to achieve goals, and ac-
counting for situational support, such as teacher or parent involvement [57]. Homework behav-
ioral contracts, or contingency contracts, are one common method for implementing goal setting
in classroom and homework settings [80]. Cooper [30] describes contingency contracting as a
written agreement between two parties. This contract outlines the tasks assigned to each partic-
ipant, the rewards designated for the student, and the conditions required to earn rewards. Em-
pirical studies have shown that student practice time increases when parents and students jointly
set specific goals [57]. More recent literature reviews demonstrate that contingency contracting
is generally an effective strategy to support the acquisition of cognitive and non-cognitive skills
in students [5].

Integrating goal setting with personalized learning remains underexplored [36, 88]. Goal-
setting contracts are typically performed on physical paper, limiting integration with the feed-
back and data-driven capabilities of learning systems [82]. The combination of goal setting and
personalized learning may be particularly effective for several reasons. First, it may outperform
traditional goal-setting methods due to the continuous performance feedback provided by tech-
nology, which helps students calibrate their efforts and manage overconfidence or underconfi-
dence in their ability to achieve goals [48,76]. Second, compared to pen-and-paper homework,
students may achieve greater learning gains per unit of effort when goal setting is combined
with intelligent tutoring, thereby amplifying the engagement benefits traditionally associated
with goal setting [41, 57, 62]. Third, prior research suggests that regular goal setting, feedback,
and evaluation cycles can strengthen students’ self-regulated learning (SRL) skills, which may
transfer to other learning tasks, enhancing overall learning effectiveness [29].

Although past AIED systems have supported learners in setting goals (e.g., [37]), these studies
focused on process goals and improving metacognition during learning rather than performance
goals typical for goal-setting contracts [80]. Additionally, prior research on SRL goal support
has usually been limited to short-term instructional interventions (e.g., of a few hours [37]). In
contrast, the present study examines interventions over several weeks, allowing for observing
engagement changes and persistence, which we model through linear time trends.

The present study adopts a goal-setting approach that minimizes the need for teacher involve-
ment. We worked with teachers integrating goal setting and rewards into their hybrid tutoring
classrooms. We observed whether integrating goal-setting classroom practices into hybrid tu-
toring is feasible and has tangible student learning benefits. Using an interrupted time series
design [74], we estimated the influence of our intervention on practice time. Further, to validate
whether students learn more, or merely engage more [41,62,89], we monitor estimated skill mas-
tery during the goal-setting. Finally, to confirm if intervention benefits are long-lasting rather
than short-term, we model linear time-related engagement trends. We investigate the following
research questions:

RQ1: Do students engage in more practice during hybrid tutoring sessions after completing
goal-setting contracts compared to before?

RQ2: Does student engagement remain stable over time during goal support in hybrid
tutoring?

RQ3: Are changes in engagement during hybrid tutoring with goal setting reflected in skill
acquisition?
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This study contributes to the growing research body on human-Al-supported learning [52]. It
examines the immediate impact of goal-setting contracts, support, and rewards on practice time
and their effects on skill mastery, providing insights into strategies for enhancing learning in
AIED learning settings.

4.2 Methods

4.2.1 Sample and Recruitment

We analyzed data from a hybrid tutoring program running for 12 weeks between October and
December 2024. Data from Thanksgiving break (week of November 27th) was excluded, as no
school activities occurred. Students (N=110) were from a charter school in the Mid-Atlantic
United States, serving grades 6-9. All students enrolled at the school were invited to participate
in the tutoring program, and those who provided consent were included in the sample. Students
were all male, nearly all African American, and all from low-income backgrounds.

As part of the hybrid tutoring program, online human tutoring is available to students during
one class session per week, during which they engage in math practice with the IXL software.
A researcher and the school’s two math teachers facilitated the goal-setting activities in person.
Each classroom session was 43 minutes. Eight classes were served, four working with the 6th
and 7th-grade teacher and four with the school’s 8th and 9th-grade teacher.

The researcher and one tutor supervisor facilitated tutor participation and training. The tutors
were fifteen university student workers who had worked with the student participants since the
beginning of the 2024-25 school year as part of the hybrid tutoring program. They provided
as-needed mathematics support and goal progress check-ins via the Pencil video conferencing
software. Human tutor support was initiated by either the student or the tutor based on student
learning needs based on standardized test scores. Tutors varied in how frequently they tutored,
from one period per week to five periods per week (M = 2 weeks).

4.2.2 Materials

Learners practiced using the IXL Math software, an adaptive online learning platform designed
to support personalized math practice. The effectiveness of the IXL math curriculum has been
documented in past research, finding significant improvements in learning relative to comparable
non-IXL schools throughout a three-year intervention in grades 3-8 [14]. IXL is often used by
teachers in the United States [73] and provides a comprehensive curriculum covering a wide range
of topics aligned with the Common Core State Standards. The platform uses real-time analytics to
adapt problem difficulty based on a student’s performance using knowledge tracing and mastery
learning using a proprietary algorithm, ensuring a tailored learning experience that matches their
skill level.

Students receive immediate feedback on their answers to math problems, typically requiring a
single solution step. Brief motivational messages are displayed after correct attempts. The system
provides an explanation or a step-by-step problem walkthrough for incorrect responses. IXL may
occasionally offer a worked example to support students in mastering concepts. Further, IXL
tracks skill progress and generates reports, enabling educators to monitor individual performance
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and identify areas needing support. Motivational elements, such as achievements and milestones,
are integrated to sustain student engagement.

4.2.3 Procedures

During all hybrid tutoring sessions, before and after the goal-setting phase (six weeks each),
students attended their regular 43-minute math class and signed into IXL and Pencil, a video
conferencing program, on their assigned Chromebooks. Students were greeted by a tutor and
sent to individual breakout rooms, where they worked through assigned problems in IXL Math
and could ask for assistance from tutors. On Pencil, students would share their screen with tutors
so that tutors would view the students’ IXL work and provide content support as needed. Tutors
also provided motivational support, such as praising the students’ efforts. Each class period was
attended by approximately the same set of tutors each week. Students were introduced to all
tutors supporting their class session at the beginning of the school year in order to build rapport.
On a weekly basis, a student may have interacted with any of the tutors in their class session’s
set of tutors or another tutor if one of the regular tutors was absent. The classroom teacher and a
research assistant helped students resolve any technical issues during the lesson. Additionally, we
observed that teachers usually shared an IXL leaderboard with students during practice, which
continued during the goal-setting phase, which allows students to see how many minutes they
practiced in the current week. We observed that some students would occasionally check the
leaderboard to gauge if they had reached their goal during practice.

Students completed a math practice goal contract in the first week of goal setting, handed
out by a research assistant at the beginning of their math practice period (Fig. 4.1). Students
completed the contract independently and chose their goal for minutes practiced and, optionally,
the number of skills mastered per week and a third, custom goal. The contract was a design
adapted from research recommendations described in Peacock et al. [80]. Specifically, it actively
engaged the student in setting goals and detailed rewards associated with reaching them every
week. Finally, it highlighted the importance and purpose of the goal with detailed instructions at
the top and highlighted that remote tutors would help the student achieve their goals and learn
math at the bottom.

Students received a biweekly printout goal achievement report, if they over- or underachieved
by a margin of 33% or more, handed out by a research assistant (e.g., “Average: 30 minutes (150%
goal achievement)”) and were able to adjust their goal. Further, remote tutors had access to their
set goals and occasionally reminded them about their goals. The two goal categories (i.e., achiev-
ing a certain number of practice minutes or the number of skills mastered) were determined
through discussions with the school’s STEAM coordinator and math teachers. If students met
one of their goals, they would get a reward the next week, which was distributed by a research
assistant at the beginning of the tutoring sessions. Students were free not to choose any goals,
and 24 (22%) did choose not to do so or were absent on the first week of goal setting, though the
class research assistant offered all students the opportunity to complete a goal contract in the first
subsequent week they were in class. All students continued participating in the hybrid tutoring
program as usual. To avoid selection bias, students without a goal contract were not excluded
from the analysis.

During the goal-setting phase, hybrid tutoring continued in the same format with the addition
of students’ individual goal contracts. Students who met their goal would receive a reward at
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Math Practice Contract

Purpose: This contract will support you (the student) to practice math. You will practice math with
IXL on your laptop or tablet. This contract will also support PLUS tutors in helping you reach your
goals.

What to do? This contract asks you to set goals related to your math practice. Please read the
contract carefully, fill and sign it. Please specify if you wish to commit to each promise by ticking the
square next to it and filling it accordingly. The parts marked as blue should be filled by you, the
student.

As part of the contract, |, the student, agree to:

] Spend minutes per week practicing math with IXL. (Recommendation: 20 minutes).
Note: | will practice the relevant content my class is currently learning. | will also
make sure to be logged into Pencil when practicing math with IXL if | am in class.

e |f the promise above is met, Conrad or your teacher will reward you, the student, by:

>> Providing a fruit snack at the end of each week.
>> Providing multiple fruit snacks if the promise is met three weeks in a row (streak).

i/ Optional: When practicing math in IXL, | want to master skills every week.

[Optional: Fill out the line below with any other goals for IXL]

¥

As part of the contract, PLUS tutors will be available to:

e Help you reach your goals in IXL
e Help you practice math in IXL

Figure 4.1: Illustration of the goal-setting process with an example contract.

the start of the next tutoring session, distributed by the teacher and a research team member. To
integrate goal setting into the hybrid tutoring program effectively, we followed recommendations
and requests from the school’s STEAM coordinator and math teachers. Accordingly, each week
of goal achievement was rewarded with a packet of healthy fruit snacks.

To support student goal achievement, tutors could view whether a student had met their goal
in the previous week via a dashboard (Fig. 4.2). The dashboard included recommendations for
which students tutors should initiate tutoring interactions based on their inferred support needs
(which is not the subject of this study). Tutors were trained to praise students who achieved
their goals for their efforts. If a student had not met their goal, tutors were trained to provide
advice tailored to why the student felt they did not meet it. For example, if a student expressed
inadequacy in math, the tutors were asked to empathize with their struggles and motivate them
to persevere. These evidence-based practices are a regular and effective part of hybrid tutoring
beyond math support [91].
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Students Hogwarts (Professor Hagrid), 1:30 PM - 2:20 PM, 02/08/2025 ~ Status ~ B =
Needs Motivation Help Q Needs Motivation Help Q Needs Motivation Help n Needs Motivation Help Q
Cho Chang Dean Thomas Fred Weasley Padma Patil

@ Provide tutoring! © Goal Met @ Provide tutoring! © Goal Met © Help onlywhen requeste... O Goa... © Help only whenreques... A Goal ...
Needs Content Help Q Needs Content Help n Needs Content Help n Needs Content Help ]
Cedric Diggory Gregory Goyle Neville Longbottom Percy Weasley

@ Providetutoring! A Goal Not Met @ Help only when requeste... © Goa... @ Provide tutoring! @ Goal Met @ Help only when requeste... © Goa...

Figure 4.2: Example student data dashboard as seen by remote tutors.

4.2.4 Measures and Data Preprocessing

A researcher compiled a weekly report detailing the number of minutes each student practiced
and the number of skills each student mastered, practiced, and was proficient in. In IXL, the
threshold for estimated knowledge mastery of skills was 80% for proficient and 100% for mastered,
referred to as “SmartScore” in the student- and teacher-facing application. This dataset was used
to populate the student data dashboard used by tutors and for data analysis (Section 4.2.5).

We computed the following measures: a time variable denoted the number of weeks (to
estimate the general trend in the outcome variable over the entire observation period), a goal
setting time week indicator (a separate week count to model time trends specifically after goal
setting had been introduced, capturing changes practice trends compared to before goal setting),
and a binary goal setting indicator distinguishing pre- and during-goal setting phases).

4.2.5 Data Analysis

To investigate our three research questions, we employed an interrupted time series design paired
with linear mixed-effects modeling to analyze trends in practice time and skill acquisition. The
unit of analysis was individual student weeks. Each row presents a student’s weekly practice
outcome regarding the number of minutes practiced in IXL and the number of practiced and
mastered skills.

Given that goal setting was introduced in the middle of the school term, an interrupted time
series design naturally emerged in the study data. Interrupted time series analysis is a quasi-
experimental approach used to assess the effect of an intervention by analyzing data trends before
and after its implementation [74]. This method is particularly suited for evaluating interventions
where randomized control trials are not feasible or desirable. In our context, a student-level
randomized assignment of the goal-setting intervention was undesirable as it could cause students
to get frustrated about not getting the opportunity to earn rewards, potentially weakening the
control condition and student morale. By comparing learning before and during the goal-setting
phase, the design helps identify immediate and sustained changes attributable to goal-setting
while accounting for underlying longitudinal trends in student effort and learning. As shown
in Fig. 4.3, the interrupted time series design of this study segmented the data into two phases:
(1) a pre-goal setting phase baseline phase and (2) a during-goal setting phase, each spanning
six weeks. By examining practice and learning differences between these phases within students
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(i.e., we compare each student’s engagement and outcomes before and after), we sought to infer
the effectiveness of the goal-setting activity regarding student practice behaviors.

Goal Setting Phase Start Thanksgiving Break
(Week 7) (Excluded)
| | | | | | / | | / | | | |
[ | I 1 I | [ I I I I | I 1
w1 w2 w3 w4 W5 w6 w7 w8 w9 WX w10 w1l w12
Pre-Goal Setting During-Goal Setting

Figure 4.3: Schematic Study Timeline

To evaluate the impact of goal setting in hybrid tutoring, we fit a linear mixed-effects model
with scaled weekly practice time as the dependent variable. This method is considered quasi-
experimental because the introduction of goal setting was not randomized but implemented nat-
urally as part of the program, allowing for comparison of outcomes before and after the interven-
tion without random assignment [74]. Since the practice outcomes (e.g., minutes practiced, skills
mastered) are not independent within students, potentially biasing p-values of model coefficients
toward significance, we included a random student intercept in the models. This adjustment
accounted for each student’s baseline practice behavior [17]. The model further included fixed
effects for time, time since the introduction of goal setting, and a main effect of the goal setting
(see Section 4.2.4). The model of weekly student engagement (Y;;) was specified as follows:

Yij = Bo+ Bi(Week;) + B2 (Week Goal;) + B3 (Goal (Yes/No);) +u; + €; (4.1)

where u; represents the random intercept for student i, index j denotes week counts, and € resid-
ual error. Linear time trends in engagement are separately modeled via week counts for the
overall period (Week variable) and the intervention period (Week goal variable, starting at Week
7) to detect changes in engagement trends related to the intervention. Finally, the binary coeffi-
cient of Goal (Yes/No), set to 1 during the intervention, estimates the intervention effect on the
outcome Y after adjusting for time trends and individual student differences through u;. This ef-
fect is important because it captures the immediate level shift in student engagement attributable
to the onset of goal setting.

To address RQ1—whether students engage in more practice during hybrid tutoring sessions
with goal-setting contracts than without—we examined the main effect of goal setting (Goal
(Yes/No)) using the mixed-effects model. This effect, estimated in standard deviation units after
standardizing the outcomes, quantifies the average difference in practice time between the pre-
and during-goal setting phases. We visualized weekly practice time trends using a centrality plot
to complement this analysis. The plot displayed mean practice minutes per week, with reference
lines indicating pre- and during-goal setting averages.

For RQ2, which examines whether students’ practice achievement increases over time fol-
lowing the introduction of goal setting, we interpreted the time trends after goal setting was
introduced using the separate week count (Week_Goal). This allowed us to evaluate whether
goal-setting contracts led to any significant longitudinal increase or decrease in practice time,
captured as linear trends.
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To study RQ3—whether changes in practice time during goal setting are reflected in skill
acquisition—we descriptively analyzed aggregated summary statistics of skill mastery and com-
pared them to results for RQ1. This analysis leveraged multiple mastery measures (described in
the Measures Section 4.2.4) to examine patterns in skill acquisition before and during goal setting.

4.3 Results

4.3.1 Descriptive Differences in Time Spent

Fig. 4.4 illustrates the average number of minutes practiced per week, with dashed lines rep-
resenting the average minutes practiced before and during goal setting. During goal setting,
students exhibited a higher average practice time (M = 21.9, SD = 20.7) than before (M = 17.6,
SD = 25.1). This difference reflects a 24.43% increase in mean practice time during goal setting.
The blue line represents weekly fluctuations in the mean minutes practiced across all participants.

Minutes Practiced per Week
3 &

[y
(&2

10

Oct Nov Dec
Week

Figure 4.4: Average number of practice minutes across weeks with dashed reference lines showing the average
outcomes pre-and-during goal setting.

Table 4.1: Fixed effects estimates from the mixed effects interrupted time series model of the weekly practice time
outcome (scaled to standard deviations).

Predictors Estimates 95% CI p-value
Intercept (B) 0.65 0.30 - 0.99 <.001
Week (B1) -0.06 -0.10 - -0.02  .008
Week Goal () 0.02 0.03-0.08 404
Goal (Yes/No) (B3) 0.48 0.28 - 0.69 <.001

4.3.2 Interrupted Time Series Modeling

RQ1 related to whether students engaged in more weekly math practice during hybrid tutoring
during the intervention. The fixed effects estimates in Table 4.1 summarize the key findings
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of the interrupted time series analysis. In line with the descriptive data above, goal setting was
associated with a significant increase in the number of minutes practiced per week after adjusting
for time trends (83 = 0.48, p < .001), corresponding to an average effect of about 0.5 SD.

Answering whether student engagement remained stable throughout the goal-setting phase
(RQ2), weekly practice time showed a small but significant decline (;) = —0.06, p = .008),
suggesting a downward trend prior to goal setting. The post-time effect was not significant
(B2 = 0.02, p = .404), indicating that the rate of change during goal setting did not significantly
differ from the previous trend. These results suggest that goal-setting led to a significant improve-
ment, though it could not disrupt the existing downward trend in engagement. It also suggests
that the goal-setting effect was robust across time and did not recede.

4.3.3 Did Students Also Learn More During the Intervention?

One concern is that students will not learn more when setting goals primarily related to effort
(e.g., minutes spent), which could be achieved by practicing with less effort [10]. Therefore, we
investigated skill mastery estimated from the IXL learning software before and during goal setting
(RQ3). Table 4.2 summarizes the descriptive statistics for skills practiced, proficient, and mastered
across two 6-week periods: pre-goal setting and during-goal setting.

Table 4.2: Descriptive statistics of average skills practiced, proficient, and mastered over two 6-week periods: pre-
goal and during-goal settings.

Metric Pre-Goal Setting During-Goal Setting
Total Skills Practiced 7.46 (SD: 6.75) 11.49 (SD: 9.01)
Total Skills Proficient 3.42 (SD: 4.08) 4.84 (SD: 5.57)
Total Skills Mastered 2.97 (SD: 3.64) 4.12 (SD: 5.18)

The results show a substantial increase in all skill mastery metrics following the introduction
of goal setting into hybrid tutoring. The total skills practiced increased by 53.97%, from an average
of 7.46 (SD: 6.75) pre-goal setting to 11.49 (SD: 9.01) during goal setting. Similarly, the total
skills proficient increased by 41.52%, from 3.42 (SD: 4.08) to 4.84 (SD: 5.57), while the total skills
mastered rose by 38.72%, from 2.97 (SD: 3.64) to 4.12 (SD: 5.18).

4.4 Discussion

This study investigated the impact of goal-setting contracts, goal support, and rewards on stu-
dents’ practice behaviors and skill acquisition in a hybrid tutoring program. Motivated by the
challenge of sustaining student engagement in AIED systems, this study aimed to explore whether
structured goal-setting mechanisms could address motivational gaps and enhance learning out-
comes.

4.4.1 Engagement in Practice Improved Through Goal Setting (RQ1)

The analysis revealed a significant increase in average weekly practice time during the goal-
setting period. This finding highlights the potential of goal-setting contracts with rewards to
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enhance student engagement. The observed increase in practice time suggests that students re-
sponded positively to the intervention, aligning with prior research on the motivational benefits
of goal setting [5,57]. However, unlike past research, our results are of significance because of
the novel context of hybrid tutoring and personalized learning, which enables novel, data-driven
forms of goal support that are more scalable [1,5]. Specifically, we advance the theory of who can
function as an accountable partner in goal-setting interventions: hybrid tutors and, to a lesser ex-
tent, the personalized learning technology itself (which reminded students of their goal progress
through a data-driven leaderboard, for instance, enabling goal monitoring).

From a practical standpoint, this result implies that hybrid tutoring systems can incorporate
goal-setting mechanisms to boost engagement without necessitating constant teacher or parental
oversight, unlike past research [57]. Schools and educators may consider embedding similar
contracts into digital learning platforms to foster sustained student participation to the degree
that resources to monitor, support, and reward goal completion are available.

4.4.2 Changes in Practice Time Remained Stable Over Time (RQ2)

Students maintained higher practice levels during the intervention. This boost in engagement
did not significantly change over time. This finding suggests that while contracts may effectively
sustain engagement, they do not automatically promote continuous improvement (although one
past study found such virtuous cycles in goal achievement [97]). Still, variation in achievement
could lead to a separation of performance levels within a class, subject to future research, and
may be studied through student-level performance histories. Finally, we observed a significant
trend whereby student practice time faded throughout the 12 weeks, possibly due to unobserved
factors such as increased testing.

4.4.3 Skill Acquisition Benefits Exceed Engagement Benefits (RQ3)

The goal intervention yielded substantial increases in skill mastery, with gains in skills practiced
(54%), proficient (42%), and mastered (38%) exceeding those in practice time (25%). This dispro-
portionate improvement suggests that the intervention may have enhanced not only the quantity
but also the quality of practice. Our finding is contrary to the idea that students would simply
maximize unproductive practice time to achieve engagement goals with little effort [10].

Notably, most students chose to set practice time goals, not skill mastery goals, aligning with
past research, noting that it is easier for middle school students to express goals in the former,
more familiar metric [82]. Hence, initially, expressing goals in terms of the number of minutes
worked may be sufficient for students to achieve mastery learning goals in AIED systems, as con-
siderable design research in explainable Al is required to make mastery-based problem selection
intuitive for middle school students [20].

4.4.4 Limitations and Future Work

Several limitations warrant consideration. First, our analysis cannot disentangle the effects of
goal-setting mechanisms, reward structures, and hybrid tutor goal support on extrinsic and in-
trinsic motivation. Meta-analytic evidence demonstrates that intrinsic motivators (e.g., goal-
directed achievement) and extrinsic incentives (e.g., performance-contingent rewards) simulta-
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neously influence performance, rather than necessarily undermining each other, including in
education [28]. Therefore, future work may focus on isolating the distinct contributions of ex-
trinsic and intrinsic motivation, for example, via modeling of local effects of intrinsic goal-setting
and adjustment events from extrinsic reward events.

Second, the six-week goal-setting period may have been insufficient to capture long-term ef-
fects, including potential impact of receding engagement if goal-setting were to be taken away.
Third, given the observational nature of the study design, which closely works around exist-
ing teacher and program practices, evidence remains quasi-experimental and the intervention
partially confounded with the (personalized) learning content. Fourth, the chosen linear mixed-
effects model does not account for potential non-linear time trends in practice behavior.

Future research could study differential goal trajectories in and out of classrooms. Past re-
search predicts that students’ self-efficacy benefits of meeting goals may propel them into a vir-
tuous cycle of increased achievement [97]. Lastly, a research assistant facilitated the goal-setting
procedure in this study. While we believe that human tutors could independently implement goal
setting and monitoring in the future, thus requiring neither extra teacher effort nor classroom
support, this remains an untested assumption. The minimized teacher involvement observed in
this study was feasible due to the hybrid tutoring context, where remote tutors assumed respon-
sibility for monitoring and discussing goal progress with students. These responsibilities may not
translate directly to traditional classroom settings without hybrid support, as the same workload
would otherwise fall on classroom teachers. Future research should examine whether human tu-
tors can effectively manage goal-setting responsibilities without additional support and explore
the scalability of such interventions across contexts.

4.5 Conclusion

Although active learning in AIED systems is widely recognized as effective for improving educa-
tional outcomes, research on supporting students to initiate, sustain, and achieve practice efforts
is limited. Drawing from goal-setting research from non-digital homework research, we studied
the integration of goal-setting contracts with contingent rewards into a middle school hybrid tu-
toring program, where human tutors supported students working with a personalized learning
system. The intervention significantly boosted weekly practice time and skill mastery based on
interrupted time series modeling over 12 weeks. Students spent about 25% more time on task
during the goal-setting phase, offsetting a prior downward trend in engagement. Skill develop-
ment rose disproportionately: total skills practiced jumped by about 50%, while proficiency and
mastery increased by about 40%. Notably, the intervention’s immediate impact did not change
over time despite an overall semester-wide decline in engagement.

The results of this study have practical implications for designing scalable improvements to
learning and engagement in resource-constrained educational environments, such as hybrid tu-
toring with as-needed human support in AIED learning systems. By leveraging goal-setting con-
tracts and integrating goal support into existing tutoring programs, schools can enhance student
engagement and learning outcomes with minimal additional burden on teachers.
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Chapter 5

Differential Effects of Adaptive Goal
Setting and Achievement

This chapter was adapted from my work-in-progress paper:

Conrad Borchers, Kenneth R. Koedinger, and Vincent Aleven. In Preparation. Student-Centered,
Adaptive Goal-Setting Leads to Better Goal Achievement than Teacher-Assigned, Static Goals in
Technology-Enhanced Learning. Manuscript in Preparation.

Summary Statement in Relationship to Thesis

This chapter presents evidence that adaptive, student-centered goal setting with data-driven cali-
bration can improve goal achievement in hybrid tutoring environments (particularly for students
with lower prior effort), replicating patterns of results seen in the previous chapter. Drawing on
data from two schools in a randomized crossover design, we find that students in the Adaptive
Skills condition achieved their weekly goals more frequently than in the static, teacher-assigned
condition.

These benefits were most pronounced after mid-intervention goal adjustments based on stu-
dents’ personalized goal-achievement feedback, suggesting that personalized performance feed-
back fosters better calibration and sustained success. Momentum effects were stronger in the
adaptive condition: students who met their goals in one week were substantially more likely
to meet them again in the following week. Furthermore, intervention effects were significantly
stronger for students who met their goals more frequently, after adjusting for prior effort. This
underscores the dual advantage of helping students adjust their goals using data: practice and
calibration benefits.

Both goal-setting conditions significantly increased time-on-task, but only adaptive, self-set
goals significantly improved skill proficiency. While students with adaptive goals also demon-
strated greater gains in proficiency and time on task than under static goals, these differences
did not reach statistical significance. Notably, students with higher baseline practice levels (i.e.,
time on task) benefited less from either intervention. Still, as much as 84% of all students showed
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positive practice-related improvement during goal setting. Goal difficulty was uncorrelated with
intervention benefits.

Given that students with high prior effort tended to benefit less, differences in motivational
profiles may play a critical role. Students with high prior effort may already possess stronger
intrinsic motivation, whereas those who benefited most from goal setting may have begun with
lower levels of intrinsic motivation. In such cases, extrinsic motivators (e.g., rewards) can serve
as an entry point for fostering intrinsic motivation. For highly motivated students, more effective
support may involve engaging with their goal hierarchy—clarifying both the reasons for pursuing
a goal and the strategies for achieving it. Across all students, providing more frequent, data-
driven feedback is expected to enhance the intervention’s impact. The final study will assess
whether intrinsic motivation is maintained by the intervention through validated surveys and
will measure goal hierarchies using established instruments such as goal orientation scales.

In relationship to this thesis’ theory of change (see Chapter 2), these findings support H1
and H2 regarding the benefits of student-centered, adaptive goals, and H3 by showing that goal
achievement is a predictor of intervention benefit. The results inform the final chapter’s focus on
enhancing calibration support, increasing feedback frequency, and integrating automated scaf-
folds at larger scale—while systematically measuring intrinsic motivation and goal hierarchies—to
produce more explanatory accounts of intervention effectiveness and interindividual differences
that can guide future interventions.

5.1 Introduction and Related Work

Active learning—central to AIED systems such as intelligent tutoring systems, teachable agents,
and inquiry-based platforms—requires students to engage in problem-solving rather than pas-
sive instruction [63]. When instructional support is sufficient and not excessive, active learning
yields benefits across all levels of prior knowledge [62]. However, its effectiveness hinges on stu-
dents’ motivation to persist through effortful practice—a finding consistently replicated across
demographic groups and real-world classrooms using cognitive modeling methods [41, 62, 89].
This raises a critical question: how can research-based interventions help reduce effort-related
disparities so that all students can benefit from personalized learning technologies?

Goal setting, especially when paired with extrinsic rewards, has emerged as a promising strat-
egy to promote student engagement in adaptive learning environments [5, 18]. However, an im-
portant open question concerns the heterogeneous effectiveness of such interventions. Effort is
shaped by multiple factors—including students’ expectancy-value beliefs and motivational orien-
tations [93]—and the impact of extrinsic motivators is known to depend on perceived autonomy,
that is, voluntarily choosing to pursue self-set goal as opposed being compelled to pursue and
externally-set goal [64, 65]. This suggests a need for adaptive, data-driven goal-setting supports
that not only personalize learning but also scaffold and and maintain student autonomy. How-
ever, such adaptive goals, thus far, have only been investigated in health behavior interventions,
with some success [1]. Further, it is known that not all students are well-calibrated to set re-
alistic goals for themselves [48]. Thus, we see a crucial gap (and opportunity) in the literature:
leveraging educational technology log data to (a) guide student effort regulation via personalized
goal recommendations while (b) preserving student autonomy, (c) potentially improving their
goal calibration via data-driven feedback [84]. Notably, effort regulation outside of practice is a
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dimension of adaptivity typically not considered in personalized learning systems, such as intel-
ligent tutoring systems [4].

Studying the differential effects of adaptive goal-setting support—where learners are guided
by system-generated recommendations to adjust their self-set goals—rather than passively ac-
cepting static, teacher-assigned goals, holds both theoretical and practical relevance. Theoreti-
cally, it contributes to a growing body of research on how autonomy-supportive environments
can enhance motivation and self-regulated learning, particularly under conditions involving ex-
trinsic incentives. It also advances our understanding of how learners’ agency in setting and
calibrating goals can influence learning benefits of goal setting [5, 18]. Practically, this research
informs the design of future, scalable interventions that provide personalized scaffolds for goal
calibration, particularly for students who struggle to set appropriate goals on their own. More
broadly, this work matters because it offers a promising pathway toward reducing differences in
educational outcomes predicated on student effort by tailoring motivational supports to individ-
ual learners’ needs—helping all students benefit from the opportunities afforded by Al-enhanced
learning environments.

To investigate the effectiveness of adaptive, data-driven goal support compared to static goals,
we conducted a large-scale, randomized crossover experiment with middle school students partic-
ipating in a hybrid tutoring program. Hybrid tutoring programs integrate both technology-based
and human tutoring support [92]. The study compares different goal-setting conditions: teacher-
assigned static goals versus student-selected goals with data-driven goal recommendations. Both
conditions were accompanied by weekly, extrinsic rewards. The goal recommendations leverage
log data from the learning system to help students adjust their goals in response to their progress,
aiming to foster autonomy and reduce disparities in effort and achievement.

5.1.1 The Role of Student Autonomy Under Extrinsic Rewards

Self-determination theory (SDT) distinguishes between intrinsic motivation, which refers to do-
ing something because it is inherently interesting or enjoyable, and extrinsic motivation, which
refers to doing something because it leads to a separable outcome [35,85]. While these forms of
motivation are often viewed as opposing forces, meta-analytic evidence suggests that intrinsic
and extrinsic motivators can work in tandem to influence performance, particularly in educa-
tional contexts [28]. Importantly, the benefit extrinsic rewards varies in the degree of autonomy
it allows [28,79]. For example, a student might complete homework to avoid punishment (low
autonomy) or choose to do it in pursuit of a valued outcome, such as a desirable career or aca-
demic success (high autonomy) [85]. In this study, we use the term autonomy to refer to this
degree of personal choice, consistent with the framework established by SDT [35].

Prior research indicates that autonomy supports goal-directed behavior and achievement
when extrinsic rewards are present [28,79]. These meta-analytic findings explain why some
studies have found no loss of intrinsic motivation through rewards and praise [16], while others
have argued the contrary [33]. Autonomy contributes to greater goal progress by enabling indi-
viduals to exert more effort, experience less internal conflict, and feel more prepared to change
their behavior [64]. These benefits have also been confirmed in meta-analytic studies involving
young adults and high school students [65]. However, not all students may perceive mathematics
practice as personally meaningful. In classroom settings, goals may be viewed as externally im-
posed rather than self-endorsed. Such perceptions and beliefs are known predictors of effort and
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achievement in mathematics [46]. This raises an important empirical question: does engaging
students in actively setting their own goals—as opposed to having goals assigned—lead to better
learning outcomes? Despite the theoretical importance of autonomy, empirical research on how
autonomy affects daily goal pursuit in naturalistic educational settings remains limited [67].

5.1.2 Data-Driven Goal Support

While prior work has explored open learner models and dashboards using learner performance
data to support self-regulated learning [20,26], few studies have examined how these tools can be
leveraged to scaffold students’ goal-setting processes—particularly in the pre-actional and post-
actional phases of learning [43]. One exception is Long and Aleven [71], who noted learning
benefits of students who were able to choose practice problems in a math tutoring system based
on their estimated knowledge proficiency. This form of goal setting, however, did not include
tangible goal performance standards and rewards.

Indeed, most personalized learning systems support students during practice, focusing on
monitoring progress or delivering help in response to errors [3, 9], rather than helping students
plan and adjust goals before and after practice. This leaves a critical gap in the development
of students’ metacognitive regulation. Recent design work has begun to address this need by
developing systems that not only track students’ performance but also generate personalized
goal recommendations based on log data [20, 22]. For instance, adaptive dashboards have been
designed to display mastery progress, visualize effort, and provide dynamic goal suggestions that
reflect a student’s prior achievement level. In a prototyping study with middle school students,
Borchers et al. [22] found that students responded positively to such recommendations, especially
when they retained final control over their goals. Students perceived the guidance as helpful for
pacing and calibrating effort, aligning with broader findings in the behavioral sciences showing
the effectiveness of adaptive goal-setting in other domains such as health [1].

Building on these findings, the current study evaluates the effects of such data-driven goal-
setting supports in a longitudinal experiment with hundreds of students, testing whether adaptive
recommendations informed by learning analytics can improve student effort, calibration, and ul-
timately goal achievement—beyond what static, teacher-assigned goals can offer. This approach
positions data-driven goal setting as a promising addition to the broader toolkit of adaptive learn-
ing technologies [4].

5.1.3 The Present Study

The present study experimentally tests the effectiveness of personalized goal setting in authen-
tic classroom practice with educational technology. Specifically, we conducted a randomized
crossover experiment with over 184 middle school students across two public schools, examin-
ing the effects of adaptive, student-centered goal-setting on effort, goal achievement, and skill
mastery during digital math practice. We address the following research questions:

« RQ1a: Does setting adaptive, student-centered weekly goals increase students’ likelihood
of achieving their goals compared to static, teacher-assigned goals?

« RQ1b: Does receiving a reward for goal achievement in a given week predict higher
success in the following week, and does this momentum effect differ by goal condition?

35



CHAPTER 5. DIFFERENTIAL EFFECTS OF ADAPTIVE GOAL SETTING AND ACHIEVEMENT

« RQ2: Does setting adaptive, student-centered weekly goals improve students’ effort and
engagement (as measured by skill proficiency and practice time) compared to static, teacher-
assigned goals?

« RQ3: To what extent do individual differences in prior effort and goal achievement
explain the benefits of goal setting?

The study contributes novel empirical insights into the effects of adaptive goal setting sup-
port, offering evidence about which students benefit most, under what conditions, and why. We
also conduct exploratory analyses of prior effort, goal achievement, and goal difficulty to bet-
ter understand whether and how personalized goal recommendations can mitigate differences in
student engagement and achievement.

5.2 Methods

5.2.1 Sample and Study Context

We analyzed data from a hybrid tutoring program running for 11 weeks between January and
April 2025. Students (N=184) were from two charter schools in the Mid-Atlantic United States,
serving grades 5-9. All students enrolled at the schools were invited to participate in the tutoring
program, and those who provided consent were included in the sample. The study followed an in-
stitutionally approved IRB protocol and school permissions were obtained. In both schools, nearly
all students were African American and from low-income backgrounds. In School 1 (N=101), all
students were male. In School 2 (N=83), genders were approximately equally represented.

As part of the hybrid tutoring program, online human tutoring is available to students during
one (School 1) or two (School 2) class session per week, during which they engage in math prac-
tice with the IXL software. A researcher and the school’s two math teachers (four total) facilitated
the goal-setting activities in person. Each classroom session was about 43 minutes, though occa-
sionally varied based on instructor need. Twelve classes were served. At School 1, this included
two six grade classes and two fifth grade classes. At School 2, this included two 6th-grade and
two 7th-grade classes, as well as three 8th and one 9th-grade classes.

Alllearners used IXL Math, an adaptive online platform for personalized math practice aligned
with Common Core standards. Prior research shows that IXL use leads to significant learning
gains compared to non-IXL schools over a three-year period in grades 3-8 [14]. Widely used
in U.S. classrooms [73], IXL adapts problem difficulty through real-time analytics and mastery-
based algorithms. Students receive immediate feedback and motivational messages after correct
answers, with explanations or walkthroughs provided for errors. The platform also offers occa-
sional worked examples and tracks skill progress, enabling teachers to monitor performance and
support learning. Achievements and milestones help maintain student engagement.

5.2.2 Experimental Design

At the outset, all students completed a three-week baseline period during which no experimental
manipulation occurred. This baseline period served as a quasi-experimental contrast to students
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achievement levels during the two goal-setting interventions. Students were then randomly as-
signed to one of two experimental groups. In the first four weeks of the intervention, Group 1
received adaptive, student-set goals supported by algorithmically generated recommendations,
while Group 2 received static, teacher-assigned goals. In both conditions, students received weekly
extrinsic rewards (i.e., fruit snacks; in discussion with participating teachers and school admin-
istrators) for meeting their goals, allowing us to isolate the effects of goal-setting adaptivity and
student autonomy.

A condition crossover occurred after Week 4. Group 1 transitioned to static goals, and Group 2
began receiving adaptive goals with data-informed recommendations. In both conditions, stu-
dents received a single goal adjustment opportunity—at Week 3 for Group 1 and Week 7 for
Group 2—allowing us to examine the benefits of mid-intervention calibration and its interaction
with goal-setting autonomy.

Week 1-3 _ Weeks 1-4 _ Condition _ Weeks 5-8
Baseline Measurement " | Goal Condition A " Crossover " | Goal Condition B
Group 1: Group 2: Group 1: Group 2:
Adaptive Goals Static Goals Static Goals Adaptive Goals
(Goal Adjustment Week 3) (Goal Adjustment Week 7)

Figure 5.1: Study design schematic. Students were assigned to either adaptive or static goal-setting conditions, with
a crossover after four weeks. All students received midpoint goal calibration in the adaptive goals condition.

5.2.3 Procedures and Intervention

All students participated in a hybrid tutoring model integrated into their regular math class (see
Section 5.2.1). During these sessions, students logged into the IXL adaptive math platform and
the Pencil video conferencing platform on their assigned Chromebooks. Upon login, they were
greeted by a remote tutor and placed into individual breakout rooms. Tutors observed students’
IXL practice via screen sharing, provided content support as needed, and offered motivational
encouragement. Tutoring groups were staffed by consistent tutor teams introduced to students
at the start of the academic year to promote familiarity and rapport. Classroom teachers and
research assistants supported students on-site by resolving technical issues and helping in dis-
tributing goal setting materials as well as goal contracts and reports.

During the eight-week intervention phase, students were assigned to goal-setting conditions
(adaptive or static; see Figure 5.1). In the first week of each condition, students completed a paper-
based math practice contract, distributed by a research assistant. Adapted from recommendations
by Peacock et al. [80], the contract prompted students to commit to weekly practice goals and
offered clear reward contingencies. Students could accept a teacher-assigned goal for practice
time or a self-set goal for skills mastered per week, depending on their condition. As mentioned,
in consultation with teachers. All students who met their weekly goals received a fruit snack the
following week at the beginning of the period, with two rewards per week for sustained streaks
of goal achievement (of at least three weeks). Rewards were typically distributed by research
assistants on site, and occasionally by teachers who had access to a shared weekly goal report.

37



CHAPTER 5. DIFFERENTIAL EFFECTS OF ADAPTIVE GOAL SETTING AND ACHIEVEMENT

Static versus Adaptive Goals. Students in the static condition were assigned a teacher-set
goal, typically defined as staying logged into IXL and Pencil for the duration of the class period
and practicing (typically 30-40 minutes per period depending on the class). In contrast, stu-
dents in the adaptive condition selected their own skill-based goals (e.g., mastering one or more
grade-level skills per week). Contracts in the adaptive goal condition mentioned an initial rec-
ommendation of one skill per week to anchor student choice, with one skill per week being based
on past school averages in the program. To support goal calibration, these students also received
data-informed goal recommendations generated from their past practice data at the midpoint of
the intervention segment after two weeks. These reports showed their average skills mastered
and percentage of goal completion in previous weeks. The algorithm followed a tiered logic:
students who underachieved their goal by a margin of 33% or more received encouragement to
reduce their goal or reflect on challenges; students who met their goal were praised and encour-
aged to sustain it; and students who overachieved by more than 33% on average were invited to
increase their goal. Goal recommendations were based on the midway point between students’
past goal and their historical performance (e.g., 3 if students chose 2 but achieved 4 skills per
week) and rounded to whole numbers. This rather simple algorithm was based on the fact that
established recommendation algorithms typically require data from nine measurement points or
more [1], which our design did not allow for. Yet, it followed a similar logic: take a goal close to
students historical average (and round it up as needed to encourage growth). Further, the explicit
contrast between students initial goal and actual performance was designed to improve their goal
calibration [48]. Students in the static goal condition did not receive a midway report to isolate
the effect of goal achievement feedback.

An illustrative excerpt of the paper-based goal setting and recommendation process is shown
in Figure 5.2. Students were always given the option to accept, reject, or modify the recommended
goal, thus maintaining autonomy.

Goal Monitoring and Feedback. During the intervention, tutors used a centralized dashboard
(Figure 5.3) to monitor all students’ progress toward their weekly goals. Tutors were trained to
reference these goals during sessions and encourage students as-needed (Figure 5.3). Tutors rein-
forced goal achievement with verbal praise and brief motivational interactions. For students who
failed to meet their goals, tutors provided scaffolded guidance based on students’ self-reported
reasons, drawing on strategies from prior research on responsive hybrid tutoring [91]. This sup-
port, however, is not central to the present study’s focus, though it ensured that both types of
goals had minimal perceived differences in the classroom to ensure a fair comparison.

5.2.4 Data Analysis Methods

Weekly goal achievement and IXL practice data were logged in a centralized spreadsheet main-
tained by the tutor program and research team. For each student, we recorded goal type, number
of skills practiced and mastered, minutes spent in IXL, and whether the weekly goal was achieved.
These logs were based on with IXL-generated performance reports and aggregated using custom
Python scripts.

We used the IXL “skill proficient” flag to count the number of skills completed each week. This
lenient threshold (typically marked at 80% proficiency in IXL) was chosen based on observations
and teacher input during Week 1 of the intervention. Many students treated this level as the point
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You have been knocking your goal out of the park! Do you want to ramp up your goal? This
feedback will help you become better at setting and achieving your goals. Please fill the parts in
blue below.
Past goal: 20 minutes of IXL practice per week
Your achievement (11/13-11/26): 30 minutes per week (150% of goal)
Updated goal recommendation: 25 minutes of IXL practice per week
I, the student, respond:
[J YES, | AGREE to my updated goal

%O, | DO NOT AGREE to my updated goal. Instead, | will practice % minutes per week

[J NO, I DO NOT AGREE to my updated goal. Instead, | will keep my old goal

Figure 5.2: Illustration of student interaction with an updated goal recommendation based on historical performance
averages. Students retained full control over whether to adopt, reject, or modify the suggestion.

at which they considered a skill “done.” To avoid undermining motivation and ensure alignment
with classroom interpretations of progress, we adopted this operationalization for all skill-based
outcome variables.

To examine the effects of adaptive versus static goal setting on student behavior and perfor-
mance, we conducted a series of mixed-effects models aligned with each research question. We
used both logistic and linear mixed-effects modeling approaches, accounting for the nested struc-
ture of the data (weekly observations nested within students). All models were implemented in R
using the 1me4 package [15], and model assumptions (e.g., homoscedasticity) were checked using
standard diagnostic procedures.

RQ1a: Do adaptive goals improve goal achievement? To estimate whether adaptive, student-
set goals increased students’ likelihood of achieving weekly goals, we modeled the binary out-
come of reward receipt using a mixed-effects logistic regression. Fixed effects included goal con-
dition (skills vs. focus), segment (pre- vs. post-adjustment), and their interaction. A random in-
tercept for each student was included to account for repeated measures. The interaction term
allowed us to test whether adaptive goals became more effective over time, particularly after the
midpoint goal calibration.

RQ1b: Do past rewards predict future success (momentum effects)? To test whether goal
achievement in one week predicted higher rates of success in the subsequent week, we grouped
the data by goal condition and prior-week reward status, then calculated the proportion of stu-
dents who achieved their goal in the following week. We then conducted a y>-test on the con-
tingency table of goal achievement counts by prior reward status and goal condition to assess
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Students Hogwarts (Professor Hagrid), 1:30 PM - 2:20 PM, 02/08/2025 ~ Status ~ B =
Needs Motivation Help Q Needs Motivation Help Q Needs Motivation Help n Needs Motivation Help Q
Cho Chang Dean Thomas Fred Weasley Padma Patil

@ Provide tutoring! © Goal Met @ Provide tutoring! © Goal Met © Help onlywhen requeste... O Goa... © Help only whenreques... A Goal ...
Needs Content Help Q Needs Content Help n Needs Content Help n Needs Content Help ]
Cedric Diggory Gregory Goyle Neville Longbottom Percy Weasley

@ Providetutoring! A Goal Not Met @ Help only when requeste... © Goa... @ Provide tutoring! @ Goal Met @ Help only when requeste... © Goa...

Figure 5.3: Example student data dashboard as seen by remote tutors. The dashboard enabled tutors to monitor
weekly goal completion and tailor support accordingly.

whether there associations between the type of goal (self-set vs. assigned) and the rate of con-
tinued success. For each group, for descriptive plots, we also computed binomial 95% confidence
intervals using the Agresti-Coull method.

RQ2: Do adaptive goals improve effort and learning (skill proficiency)? To assess whether
goal condition influenced student engagement and productivity, we employed mixed-effects in-
terrupted time-series models [74]. The unit of analysis was the student-week, with repeated
measures for each participant across a 3-week baseline period and an 8-week intervention phase.

Model specification. For each outcome, we included: (a) a fixed effect for the overall time
trend across the study (Week Number), (b) binary indicators for whether the Adaptive Skills Goal
or Adaptive Focus Goal intervention was active in a given week, and (c) post-intervention time
variables counting weeks since the start of each goal condition (Weeks Since Skills Goal Started,
Weeks Since Focus Goal Started).

This structure allowed estimation of the baseline slope before any intervention, the immediate
level effect of each goal condition when active, and the change in slope for each goal condition
relative to baseline (i.e., interrupted time series trends). All time variables were centered such
that Week 1 of the 8-week intervention was coded as ¢ = 1, and baseline weeks were coded as
t = =2, —1,0. The general interrupted time-series model for outcome Y;; (student i in week ;)
was:

Y;j = Bo + B1(Week Number )
+ B2 (Adaptive Skills Goal Active )
+ PB3(Adaptive Focus Goal Active ;)

+ B4(Weeks Since Skills Goal Started) (5.1)

+ Bs(Weeks Since Focus Goal Started )

(student) (teacher) (school) (grade)
+ Uy + U tug Tt U

+ 4™ (Week Number ) + &),
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where f is the baseline intercept, f; is the overall time trend, 3,33 are level differences
when each goal condition is active, and B4—f5 are slope changes when each goal condition is

(student) _ (teacher) _ (school) e)

. . di .
active. Random intercepts u,, , U, , U, , and uggira capture clustering at the stu-

dent, teacher, school, and grade levels, respectively. A random slope u(lsl.tudent) for Week Number
accounts for within-student variation in time trends, following recommendations to assume the

highest possible complexity in random effects structure in hierarchical lienar models [12]. Resid-
ual error is represented by &;;.

Effort outcome. Weekly skill proficiency (count of skills marked proficient) was modeled
using a mixed-effects Poisson regression:

Skills Proficient ~ Week Number 4 Adaptive Skills Goal Active
+ Adaptive Focus Goal Active
+ Weeks Since Skills Goal Started
+ Weeks Since Focus Goal Started
+ (1 +Week Number | Student)
+ (1 | School) + (1 | Teacher) + (1 | Grade).

(5.2)

Note on adjustment period. We did not estimate a separate double-interrupted time-
series for the midpoint goal adjustment, as adding an additional intervention indicator and time
trend rendered the model non-identifiable for our sample size. Therefore, we did not focus on this
period in the primary analysis. However, we note that interrupted time trends observed during
the adaptive skill intervention implicitly capture changes due to goal adjustments, which happen
during the intervention.

Secondary outcome. To assess time-on-task (minutes practiced), we fit a linear mixed-
effects model on the log-transformed outcome using the log(1 + x) transformation to accommo-
date zero values. This preserves all observations (including weeks with no practice) and yields
multiplicative effects on the original scale.

log(l + Minutes Practiced) ~ Week Number + Adaptive Skills Goal Active
+ Adaptive Focus Goal Active
+ Weeks Since Skills Goal Started
-+ Weeks Since Focus Goal Started
+ (14 Week Number | Student)
+ (1| School) + (1 | Teacher) 4 (1 | Grade).

(5.3)

All models were fit in 1me4 in R [15]. Parameter estimates were reported with 95% confidence
intervals. Fixed-effect significance was assessed using Wald z-tests (generalized models) or t-tests
(linear models).
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RQ3: Do individual differences in prior effort and achievement explain differences in
goal-setting benefits? To examine whether prior effort and achievement explained student-
level differences in the benefits of the goal-setting interventions, we first derived a student-level
estimate of the two intervention effects (adaptive and static goals) from the interrupted time-
series models described above. For each outcome—weekly skill proficiency and weekly minutes
practiced—we refit the models with added random slopes for the goal condition indicators at the
student level. This specification allowed the magnitude of the goal-setting effects to vary across
students, rather than assuming a constant effect for all participants.

From each model, we extracted the student-specific random slopes for the adaptive and static
skills goal condition and added it to the corresponding fixed effects to obtain the total goal-setting
effect for that student and model. For the skill proficiency model (Poisson), these estimates were
expressed as log-rate ratios (i.e., incidence rate ratios).

To form a single composite metric of the goal-setting effect per student across outcomes, we
combined the skill proficiency and practice time effects by first standardizing each to a z-score
and then averaging them. This approach placed both outcome measures on a common scale while
giving them equal weight in the composite. The resulting composite score thus reflects each stu-
dent’s overall responsiveness to goal setting (be it adaptive or static) across both productivity
and effort outcomes. The rationale behind averaging multiple latent intervention effects per stu-
dent across outcomes is that more measurements are expected to yield a more reliable estimate.
With that said, we also separately explored an average of student-level goal intervention effects
of adaptive and static goals, to observe any difference by goal type.

To answer RQ3, we then used this composite as the dependent variable in separate analyses,
entering prior effort (mean weekly minutes practiced during the baseline period before any goal
setting occurred) and goal achievement (% of goals completed during the interventions) as pre-
dictors, including their interaction. In an exploratory analysis, we separately fit two additional
models predicting the student-level adaptive or static goal effect, respectively. All moderation
models were fit using standard multiple linear regression with student as the unit of analysis.

Throughout all analyses model assumptions were checked through residual diagnostics. These
diagnostics included Q-Q plots to assess residual normality, residuals-versus-fitted plots to check
homoscedasticity and linearity, scale-location plots to detect heteroscedasticity, and residuals-
versus-leverage plots (with Cook’s distance) to identify influential observations.

5.3 Results

5.3.1 RQ1a: Do Adaptive, Self-Set Goals Improve Goal Achievement over
Static, Teacher-Set Goals?

Across both study phases, students achieved a higher percentage of goals when they set them
themselves with Adaptive Skills guidance (29-36%) than when following Static Minutes goals set
by teachers (20-21%). In addition, students in the Adaptive Skills condition showed an increase
in goal achievement from Phase 1 to Phase 2 (29% to 36%), consistent with the provision of a
goal adjustment opportunity based on performance data (see Table 5.1). Answering RQ1, these
patterns indicate that both the source of the goal (self-set vs. teacher-set) and the presence of
data-driven goal adjustment opportunities contributed to higher rates of goal achievement.
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Table 5.1: Goal achievement rates (%) by goal-setting approach across study phases. Students were more likely to
reach goals when setting them themselves with data feedback (Adaptive Skills) compared to teacher-set goals (Static
Minutes).

Goal Type Phase 1 Phase 2
Static Minutes  19.7% [15.6%, 23.8%] 20.8% [16.6%, 25.0%]
Adaptive Skills 29.4% [24.6%, 34.1%]  36.4% [31.4%, 41.4%]

Based on the mixed-effects logistic regression, these differences were statistically significant.
Students in the Adaptive Skills condition had higher odds of achieving their weekly goals than
those in the Static Minutes condition (OR = 1.85, p < .001). In addition, a significant interaction
between goal condition and phase (OR = 1.36, p < .001) indicated that the advantage of adaptive,
student-set goals increased from pre- to post-adjustment, aligning with the introduction of data-
driven goal calibration.

As a manipulation check, we confirmed that these improvements in goal achievement coin-
cided with students, on average, adjusting there goal upward when overachieving, and adjusting
their goal downward when underachieving (see Figure 5.4). Students who were not given a rec-
ommendation retained their goal, with slight variation introduced by absentees who completed
their contract late, that is, only in the second half of the intervention.

15
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12
11
10
T 9 Change Group
8 8 @ Balanced Fulfillment
E 7 @ Goal Over-Fulffillment
w 6 @ Goal Under-Fulillment
5 Cm—
4
2 Lom :’—é
1
Initial Goal Adjusted Final Goal

Figure 5.4: Students’ self-set goals in the adaptive goals condition before and after data-driven feedback based on
type of recommendation, which was linked to performance.

5.3.2 RQ1b: Do Adaptive, Self-Set Goals Enhance Goal Achievement Mo-
mentum?

We examined whether achieving a goal in one week predicted higher rates of success in the

subsequent week, testing for a momentum effect in goal achievement. Descriptively, Figure 5.5

shows that students who received a reward in the previous week were more likely to meet their
goal in the following week, consistent with a momentum or reinforcement effect. This pattern
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held for both goal types, but the increase was more pronounced for students in the skills goal
condition. Students with Adaptive Skills goals who earned a reward in the prior week achieved
their goal the following week 57% of the time, compared to 26% after not earning a reward—an
increase of nearly 30 percentage points (an increase of factor 2.23). For Static Minutes goals, the
increase was smaller, rising from 18% to 36% (about 18 points; an increase of factor 2.05).

Goal Type Focus Goal Skills Goal

100%

75%

50%

25%

Probability of Goal Achievement

0%

No Reward Received Reward
Previous Week: Reward Received

Figure 5.5: Probability of meeting goal again after meeting goal or not in the previous week (momentum) across
conditions.

This condition difference was statistically reliable. Specifically, the null hypothesis that mo-
mentum (i.e., previous week’s achievement) is independent of next-week achievement is inde-
pendent of condition was rejected, y?(1,N = 379) = 7.49, p = .006.

5.3.3 RQ2: Do Adaptive, Self-Set Goals Improve Effort and Engagement?

Reporting descriptive differences first, the No Goal baseline condition showed the lowest practice
time (M = 23.6 min) and proficiency (M = 1.03 skills), with an average of 22.8 minutes required
per skill. Relative to baseline, the Static Minutes condition was associated with a 15.7% increase in
practice time and a 34.0% increase in skills gained, while the Adaptive Skills condition showed a
21.2% increase in practice time and a 41.7% increase in skills gained. Both goal-setting conditions
also showed greater efficiency (fewer minutes per skill). The Adaptive Skills condition had the
highest proficiency (M = 1.46) and the lowest minutes per skill (19.6), slightly outperforming the
Static Minutes condition (M = 1.38, 19.9 min/skill; see Table 5.2). Next, we turn to whether these
differences are significant based on interrupted time-series models.
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Table 5.2: Descriptive statistics for practice time, proficiency, and efficiency by goal condition. Values are presented
as M +=SD.

Goal Condition Practice (min) Proficient Min./Skill

No Goal 23.6 +£30.1 1.03+£2.09 22.8
Static Minutes 27.3+235 1.38+2.10 19.9
Adaptive Skills 28.6+24.7 1.46+2.18 19.6

Skills proficient per week. Using the mixed-effects interrupted time-series model specified
above, students demonstrated a positive overall week-to-week trend in skills proficient (Incidence
Rate Ratio, IRR = 1.05, 95% CI [1.02, 1.08], p < .001), corresponding to a 5% weekly increase.
Weeks under the self-set skill goal condition were associated with a 24% higher proficiency rate
relative to non-intervention weeks in terms of skills proficient per week (IRR = 1.24, 95% CI
[1.03, 1.50], p = .023). In contrast, the teacher-set minutes (focus) goal condition showed no
reliable difference in proficiency (IRR = 1.08, 95% CI [0.90, 1.31], p = .416). Post-start slopes
for both goal conditions were not statistically different from zero (adaptive goals: IRR = 0.96,
p = .141; static goals: IRR = 0.98, p = .505), indicating no changes in trend. Random effects
showed that most variance in skill proficiency per week was attributable to differences between
students (ICC = 0.758), with smaller contributions from teachers (ICC = 0.053) and schools (ICC
= 0.018). Grade-level differences were negligible beyond these factors (ICC ~ 0).

Minutes practiced per week. In the linear mixed-effects model on log(1 + minutes), students
showed an overall significant week-to-week increase (estimate = 0.05 on the log scale, 95% CI
[0.02, 0.09], p = .003). Weeks under the self-set adaptive skill goal condition were associated with
a significant increase in minutes practiced (estimate = 0.52, 95% CI [0.26, 0.79], p < .001. Weeks
under the minutes (focus) goal were also associated with a significant increase (estimate = 0.37,
95% CI [0.10, 0.63], p = .007. Post-start slopes for skills and focus were not statistically different
from zero (adaptive goals: —0.07, p = .143; static goals: —0.04, p = .358). Variance partitioning
indicated modest clustering at the student level (ICC = .109), with smaller components for school
(ICC = .054) and teacher (ICC = .042); grade-level variance was too small (i.e., near-zero) to be
reliably estimated.

Direct comparison of intervention coefficients. Although adaptive, self-set skill goals showed
larger point estimates than teacher-set minutes (focus) goals across models, the difference be-
tween a significant and a non-significant coeflicient is not, by itself, necessarily statistically sig-
nificant. We therefore tested the null hypothesis that the two intervention coefficients are equal
(Bskilts — Bfocus = 0) using planned Wald contrasts with single-step multiplicity adjustment.

In the skills—per-week model (Poisson), the skills-vs-focus contrast was 0.138 (SE = 0.110),
7= 1.257, p = .209; on the incidence-rate scale this corresponds to a ratio of IRRs of 138 =115
with a 95% CI[0.93, 1.42], which trended toward a adaptive goal benefit but yielded no significant
difference between the two goal conditions in their effect on proficiency. In the minutes—per—
week model (linear), the contrast was —0.19 minutes (SE = 2.93), z = —0.065, p = .948, with a
95% CI [—5.94, 5.56] minutes, likewise showing no significant difference between the interven-
tion effects. Taken together, while adaptive skill goals significantly increased proficiency and
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both goal conditions increased time-on-task, we did not find evidence that the adaptive skill goal
effect was statistically larger than the minutes (focus) goal effect.

5.3.4 RQ3: Do individual differences in prior effort and achievement
explain differences goal-setting benefits?

Decriptively, Figure 5.6 summarizes the student-level composite goal effect across all outcomes
(skills vs. minutes practice) and goal types (static vs. adaptive). The top panel shows the re-
gression coefficients (standardized outcome) with 95% Cls: higher Prior effort (z) predicts smaller
benefits after adjusting for goal achievement (negative estimate, CI excluding zero), whereas Goal
achievement (z) is positively associated with the composite effect after adjustment for prior ef-
fort. The middle panel provides descriptive scatterplots with linear univariate fits showing a flat
univariate association for goal achievement but a pronounced negative association for prior ef-
fort. The bottom panel displays the distribution of the raw composite intervention effect, with
a dashed line at zero; most students out of the 182 students for which student-level interven-
tion effects could be computed (84%) exhibit positive goal setting intervention effects, while 30 of
182 students (16%) fall below zero, indicating a negative composite response to goal setting with
rewards.

Across all models (N = 182 students for which intervention effects were estimable), prior effort
during baseline was a strong, negative predictor of subsequent goal-setting benefits: students
who practiced more minutes before any goal-setting showed smaller estimated intervention gains
(combined composite: b = —0.77, 95% CI [—0.87, —0.68], p < .001; static-goal effect: b = —0.75,
95% CI [—0.85, —0.64], p < .001; adaptive-goal effect: b = —0.79, 95% CI [—0.89, —0.69], p <
.001).

Goal achievement during the intervention was positively associated with the composite mea-
sure of student-level intervention benefit, but its strength varied by goal type. For the com-
bined composite outcome, higher goal achievement predicted larger benefits (b = 0.14, 95% CI
[0.04, 0.24], p = .007). Disaggregating by goal type, the association was significant for the static
(minutes/focus) goal effect (b = 0.19, 95% CI [0.08, 0.29], p < .001) and positive but not statisti-
cally reliable for the adaptive (skills) goal effect (b = 0.09, 95% CI [—0.01, 0.18], p = .074).

Across all models, there was no significant interaction between prior effort and goal achieve-
ment when predicting the student-level intervention effect (p’s > .416). Another potential con-
founder for the intervention effect could be goal difficulty, as highly challenging goals are some-
times known to be very motivating [69]. However, Pearson’s product-moment correlation be-
tween goal difficulty (expressed in the average, student-level number of skills per week set as
their target) and the composite student-level intervention effect was non-significant, r = —0.06,
95% CI [—0.21, 0.09], p = .458, indicating no evidence that goal difficulty was associated with
overall effectiveness of goal setting with rewards. Model fit was moderate to strong: Rgdj =.568
for the combined composite, .527 for the static-goal effect, and .594 for the adaptive-goal effect.

Taken together, students who more consistently met their weekly goals derived greater overall
benefit from goal setting—especially for teacher-set minutes targets—while students with higher
baseline practice effort tended to show smaller incremental gains under both adaptive (skills) and
static (minutes) goal conditions.
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Figure 5.6: Model summary figure predicting student-level intervention benefits averaged and standardized across
time and skill outcomes as well as goal types (static vs. adaptive): (left) coefficient estimates with 95% CIs; (middle)
descriptive scatterplots with linear fits for standardized predictors; (right) histogram of the raw composite interven-

tion effect (dashed line at 0; panel annotation reports the share < 0).

47



CHAPTER 5. DIFFERENTIAL EFFECTS OF ADAPTIVE GOAL SETTING AND ACHIEVEMENT

5.4 Discussion

This study provides further evidence that adaptive, student-centered goal setting with data-driven
calibration can improve goal achievement and learning outcomes in hybrid tutoring environ-
ments.

5.4.1 Benefits of Goal Adjustment and Selection for Goal Achievement

Extending the findings from Chapter 4 to a second site with a larger number of classrooms, we
found that self-set goals supported by performance-based recommendations produced higher
rates of weekly goal completion than static, teacher-assigned goals. This advantage became more
pronounced following the midpoint calibration, accentuating the potential of timely, data-driven
feedback to help students align their goals with actual performance. Students tended to adjust
their goals downward after underachievement and upward after overachievement, consistent
with our recommendations and with meta-analytic evidence on post-success and post-failure
goal adjustment [90]. In that meta-analysis, self-efficacy emerged as a key mediator of upward
adjustment after success, suggesting that assessing self-efficacy in the final study may provide
further explanatory insight.

The momentum analysis further revealed that meeting a goal in one week more than doubled
the likelihood of meeting it again the following week, with a stronger effect under adaptive goals.
This pattern aligns with theories of positive reinforcement, in which goal achievement and self-
efficacy can mutually reinforce one another to sustain or improve performance [97]. The finding
that students who more frequently met their goals also derived larger benefits from the inter-
vention suggests that earlier and more frequent opportunities for goal adjustment and selection
could strengthen these effects.

Finally, based on these findings, providing more frequent, data-driven feedback—beyond a
single mid-intervention calibration—is likely to amplify benefits for all students. The final study
in this thesis will enable refinement of automated, frequent, and adaptive goal-setting models to
maximize both effectiveness and student autonomy, which is known to moderate the relation-
ship between extrinsic rewards and performance for intrinsically motivated students [28,79], as
discussed next.

5.4.2 Low-Effort Students Benefited More from Goal Support

Across both conditions, goal setting was associated with increased practice time; however, only
adaptive goals produced a statistically significant improvement in skill proficiency. While the
adaptive condition showed descriptively larger gains than the static condition, the difference
between interventions was not statistically significant, suggesting that a larger sample may be
required to reliably detect such differences.

Moderation analyses revealed a robust pattern: students with higher prior effort during the
baseline period derived significantly smaller benefits from either intervention. In contrast, stu-
dents with lower baseline effort showed the largest relative gains. Overall, 84% of students
demonstrated some improvement in practice-related outcomes during goal setting, whereas the
remaining 16%—those typically already exerting high effort without formal goals—showed no im-
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provement. In the next subsection, we discuss more into reasons why and contrast these findings
with past work.

These findings contribute novel evidence to the literature on adaptive, autonomy-supportive
goal setting in three ways. First, on a theoretical level, they highlight the importance of initial
effort level as a moderator of intervention effectiveness, offering an empirical basis for tailoring
goal-setting supports to student profiles. Second, on a practical level, they extend prior work by
showing that data-informed goal setting activities and recommendations can meaningfully ben-
efit students in authentic classroom contexts. Third, they suggest that the greatest returns from
adaptive goal setting with rewards may come from from engaging students who might otherwise
remain under-involved in technology-enhanced practice due to low intrinsic motivation, provid-
ing evidence for hypotheses from prior research framing extrinsic motivators as an entry point for
engaging the academically unmotivated [6,51]. Collectively, these insights highlight the poten-
tial of adaptive goal-setting systems to reduce effort-related student different in learning, thereby
enabling more broadly effective access to the benefits of personalized, technology-enhanced in-
struction.

5.4.3 Intrinsic Motivation as a Potential Moderator of Intervention Dif-
ferences

One explanation for that finding that high prior effort-students benefited less from the goal set-
ting intervention is that students with high prior effort were already more intrinsically moti-
vated, while those who benefited most from goal setting may have started with lower intrinsic
motivation. In such cases, extrinsic motivators (e.g., rewards) can serve as an entry point for
building interest and persistence [6,51,83]. The conjecture that more highly-motivated students
benefited less from extrinsic rewards also aligns with the long-standing debate on whether ex-
trinsic rewards undermine intrinsic motivation [28]. The integrative meta-analysis by Cerasoli
et al. [28] meta-analysis found that incentives tied to performance can erode the positive effects
of intrinsic motivation on achievement when rewards are clearly tied to performance. Similarly,
another meta-analysis found that perceived choice can increase performance and intrinsic moti-
vation [79]. These relationships could have been potentially offsetting intervention benefits for
high-performing, intrinsically motivated students. However, as mentioned, whether such under-
mining occurs depends on perceived autonomy, something this study’s design sought to protect
by allowing students to choose their goals during both initial and mid-intervention goal setting
and by framing rewards as part of a voluntary contract rather than as externally imposed. Mon-
itoring perceived choice and control (i.e., autonomy) alongside intrinsic motivation could help
further probe this conjecture in future work.

5.4.4 Explanatory Variables of Goal Intervention Benefit Beyond Intrin-
sic Motivation

Beyond motivation levels, goal orientation may further explain differential effects of this inter-

vention seen for high-effort students. Cerafoli and Ford [27] show that mastery goal orientation,

compared to performance orientation, mediates the relationship between intrinsic motivation
and achievement, as mastery orientation promotes genuine skill development. Students with
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performance-oriented goals may be more responsive to extrinsic rewards, potentially explaining
some performance gains under goal setting. In future work, assessing students’ goal hierarchies—
clarifying both the “why” and “how” behind their goals—may reveal which orientations interact
most productively with different goal-setting strategies. Explanatory accounts of these student-
level differences could help narrow intervention effect differences in the present study.

A further possibility is that some students experienced the goal and reward structure as threat-
ening, triggering performance-avoidance tendencies. According to Atkinson’s framework, fear
of failure can reduce motivation when goals are framed in ways that emphasize external control
and evaluation [32]. This mechanism could be an alternative explanation for why a subset of stu-
dents exhibited reduced benefits, especially if they perceived a high risk of “failing” to meet their
goal. Therefore, another measure of student differences in future work to produce explanatory
accounts of student intervention differences is performance and avoidance tendencies.

5.4.5 Limitations and Future Work

Given the limitation of unobservable motivational moderators mentioned above (e.g., intrinsic
motivation, perceived control, failure avoidance, and goal orientation), future adaptive interven-
tions could incorporate relevant measures to better identify which students are most likely to
benefit from different forms of goal setting, goal choice, and reward tracking. Such personaliza-
tion would enable a data-driven, psychometrically informed delivery of goal recommendations
and incentive structures. Pairing these interventions with implementation intention interven-
tions to improve performance [42,44] could maintain or strengthen intrinsic motivation, as both
are correlated in past research [24].

Second, this study was situated exclusively within the IXL mathematics environment. While
IXL provides a rich, skill-based practice structure suitable for adaptive goal calibration, not all
educational technologies offer similar granularity of skill-level data or allow students to exer-
cise meaningful choice in practice selection. It is possible that technologies with less student
choice in practice can further diminish perceived control in goal setting contexts, which, as men-
tioned, could limit intervention benefits of goals with contingent rewards. Future work should
examine whether adaptive goal-setting frameworks generalize to other domains and platforms—
particularly those with less fine-grained progress tracking or more constrained task selection—
while maintaining the core elements of autonomy, calibration, and feedback.

Third, although the crossover design strengthens causal inference compared to past work
on goal setting benefits in educational technology [18], the relatively short intervention periods
(four weeks per condition) may have limited the opportunity to observe longer-term effects on
self-regulation, goal calibration, and transfer of goal-setting strategies beyond the immediate tu-
toring context. Sustained implementation over a full academic year could yield deeper insights
into whether adaptive goal setting produces durable changes in effort regulation and learning
outcomes, or whether effects diminish once novelty or extrinsic rewards fade. While research on
higher education samples predict that performance and effort benefits would vanish once extrin-
sic rewards are taken away [13], it is possible that (both cognitive and metacognitive) learning
benefits acquired during goal setting periods aid learners beyond the period of reward provision.
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5.5 Conclusion

The present findings provide empirical support for the thesis’ theory of change. Consistent with
H1 and H2, student-centered, adaptive goals—supported by data-driven calibration—led to higher
rates of goal achievement and, though not significantly so (which is inconsistent with the theory
of change), greater gains in learning compared to static, teacher-assigned goals. In line with H3,
we also found that students’ goal achievement itself was a significant predictor of the overall
benefit students derived from the intervention, underscoring the importance of mechanisms that
promote both the setting and attainment of appropriately challenging goals.

Taken together, these results point toward a dual benefit of adaptive goal setting in technology-
enhanced learning: (1) immediate improvements in productivity, reflected in increased practice
time and higher proficiency gains, and (2) enhanced goal calibration, as students adjusted their
targets in response to performance-based feedback and were subsequently more likely to achieve
them. These benefits were particularly pronounced for students with lower baseline effort, sug-
gesting that adaptive, autonomy-supportive goal setting can help close effort-related gaps in en-
gagement and achievement for students with low initial (intrinsic) motivation.

At the same time, the findings reveal an important boundary condition: students with high
prior effort were less responsive to the intervention, raising questions about the interplay be-
tween intrinsic motivation, autonomy, and the perceived value of extrinsic incentives, all known
moderators of such incentives’ effect on performance in other domains. Addressing this hetero-
geneity will require deeper investigation into motivational profiles, goal orientations, and per-
ceptions of control to produce explanatory accounts of student-level intervention benefits.

From a practical standpoint, the study demonstrates that even relatively simple, paper-based
goal-setting processes—when paired with timely, data-informed recommendations—can be fea-
sibly integrated into classroom tutoring environments. The design elements that appeared most
influential —maintaining student autonomy, using clear performance feedback for calibration, and
coupling goals with tangible but low-cost rewards—are readily transferable to other contexts and
subject areas, provided the underlying learning platform can generate sufficiently granular per-
formance data on a weekly level.

As theoretical contributions, these results extend work on self-regulated learning and self-
determination theory by showing how autonomy-supportive structures can coexist with extrin-
sic incentives without necessarily undermining engagement for the great majority of learners,
provided that choice and meaningful feedback are preserved. They also align with broader edu-
cational aims of personalizing technology-enhanced instruction not only to learners” knowledge
states but also to their motivational and self-regulatory needs.

Ultimately, the evidence presented here strengthens the argument that adaptive goal setting
with rewards, when implemented thoughtfully, can boost persistence, improve learning out-
comes, and narrow engagement gaps across student populations, ultimately making educational
technology more broadly effective.
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Chapter 6

Proposed Work: Intelligent Goal Support
at Scale and Going Beyond Effort and
Proficiency Outcomes

The prior chapters of this thesis established that adaptive, student-driven goal setting with data-
driven calibration and goal adjustments can improve goal achievement and learning outcomes in
hybrid tutoring environments—particularly for students with lower baseline effort. These gains
were observed alongside improvements in goal calibration, as students adjusted targets in re-
sponse to performance-based feedback. However, the evidence also revealed a boundary condi-
tion: students with higher prior effort benefited significantly less from either adaptive or static
goal-setting interventions, suggesting that a “one-size-fits-all” approach may not optimize out-
comes across the full spectrum of learner profiles.

This final phase of the thesis proposes a scaled, automated intervention that explicitly studies
this heterogeneity through richer explanatory variables assessed through surveys and other qual-
itative data. The ultimate aim is to deliver goal-setting support that is both adaptive to student
performance history and mindful of motivational student differences, while remaining scalable
through automation.

6.1 Design Rationale
The findings in Chapter 5 point to three key design priorities for the final study:

1. Increase the frequency and adaptivity of goal calibration — In earlier studies, calibration
opportunities were limited to a single midpoint adjustment, yet that single adjustment sig-
nificantly increased goal completion (and higher rates of goal completion were correlated
with larger intervention benefits). Providing more frequent, automated calibration could
amplify benefits for students who are under- or overachieving and sustain momentum for
those meeting or exceeding their goals.

2. Incorporate motivational and self-regulatory measures — The lack of direct measures for
intrinsic motivation, self-efficacy, perceived control, and goal orientation limited the ex-
planatory power of prior analyses. Including these constructs will enable better targeting
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6.2

ROQ1:

RQ2:

RQ3:

6.3

H1:

H2:

H3:

of supports and illuminate the psychological mechanisms underlying student-level benefits
of goal setting with extrinsic rewards.

. Studying goal hierarchies and value: As a secondary research goal, implementation inten-

tions will be studied as a manipulated goal support variable that enables students to (a)
increase their effort and performance toward goals and (b) verbalize their intrinsic “why”
behind their goal through reflection, which will add more qualitative data beyond survey
measures of goal orientation.

. Automate scaffolds to enable scale and generalizability — Prior interventions relied on man-

ual facilitation for goal feedback and adjustment in classrooms, which all used the same
educational technology (IXL Math). Embedding these processes within into more class-
rooms via online delivery of goal setting tools and dashboards will reduce reliance on on-
site personnel, increasing feasibility and generalizability for large-scale deployment while
minimizing observer effects of on-site facilitators.

Research Questions

Calibration & Achievement: Does increasing the frequency and adaptivity of goal cali-
bration (with autonomy preserved) improve weekly goal achievement and skill proficiency
relative to standard goal contracts with lower frequency?

Differential Effects: Do implementation intentions with goal reflection prompts reduce the
effort—benefit gap, i.e., increase benefits for low-effort students without diminishing out-
comes (or intrinsic motivation) for high-effort students?

Mechanisms: To what extent do intrinsic motivation, self-efficacy, perceived control, failure
avoidance, and goal orientation moderate and explain the effects of adaptive goal support
on achievement and learning?

Hypotheses

Main Effect—Implementation Intention: Students receiving implementation intentions
will experience larger intervention benefits on effort and skill mastery [44] and larger in-
trinsic motivation [24], which in turn will make the intervention more effective for students
with high prior effort (as opposed to not effective as observed in Chapter 5).

Main Effect—Calibration: Students receiving more frequent, adaptive calibration will
show higher goal achievement, practice effort, goal calibration and skill proficiency than
those with less regular goal feedback and adjustment in line with findings in Chapter 5.

Main Effect—Motivation and Choice: Students receiving more frequent, adaptive cali-
bration will show higher perceived choice and intrinsic motivation consistent with findings
in [79].
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H4: Autonomy-Preserving Rewards: Adaptive supports with regular goal check ins pre-
serve student choice when extrinsic rewards are present and this perceived choice will be
sufficiently high such that there there will be no significant decrease in intrinsic motivation
post-intervention consistent with [28].

H5: Mechanism—Motivational Profiles: Effects of adaptive goal supports will be stronger
when students have higher perceived control [28,79], mastery goal orientation [27], and
weaker performance-avoidance [32].

6.4 Study Design

Plan A (Fall 2025): Hybrid Tutoring

Design: Similar to previous studies of this thesis, the final study will most likely follow an in-
terrupted time series design spanning approximately 12 weeks; baseline (3-5 weeks) followed by
intervention (7-9 weeks) across at least three schools in a hybrid tutoring program, leading to
a sample of approximately 300 or more students. Educational technologies may include IXL, i-
Ready, and MobyMax, improving generalizability of effects beyond previous studies which were
limited to IXL only.

Conditions: All participating students will receive the adaptive goal-setting treatment, con-
sisting of continuous, system-delivered calibration opportunities and automated feedback on goal
progress. The only experimental manipulation will be the presence or absence of implementation
intentions with goal reflection prompt at the point of goal setting, which will be randomly assigned
at the student level.

« Implementation Intentions Condition: In addition to setting or adjusting their weekly
goal, students will complete a short, structured “if—then” plan linking a specific anticipated
challenge (e.g., distractions, time constraints) to a planned strategy for overcoming it. The
prompt will also include a reflection item asking students to articulate the personal value
or “why” behind their goal, which will be prompted either in-system or by the human tutor.

+ No Implementation Intentions Condition: Students will set or adjust their weekly goal
using the same adaptive calibration interface but will not receive the implementation in-
tentions or value-reflection prompt.

This structure aims at students benefiting from the frequent adaptive calibration treatment
while isolating the added effect of implementation intentions on effort and motivational out-
comes.

Survey Measures: Pre- and post-intervention in the Fall semester, all students will complete
brief validated survey scales to capture motivational and self-regulatory constructs for testing
RQ3 as well as H3+HS5 described above. These may be administered via online forms or with pen
and paper. Acknowledging the high breadth of these measures and potential practical constraints
in administering them given available student and classroom time, they are listed in order of
priority in which they will administered if a subset must be chosen:
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+ Motivation Questionnaire (MMQ) for secondary school students - Intrinsic value
subscale to measure intrinsic motivation [40]. Three items, 5-point Likert scale.

« Intrinsic Motivation Inventory (IMI) - Perceived Choice for autonomy [87]. Seven
items, 7-point Likert scale.

+ Achievement Goal Questionnaire-Revised (AGQ-R) [38] with self-performed adapta-
tions to middle school mathematics to measure performance and mastery goal orientation
as well as achievement approach and failure avoidance. Four times three items, 5-point
Likert scale.

Goal Cadence Variation Across Sites: Hybrid tutoring partner sites vary in their goal-
setting cadences and corresponding data update/feedback schedules: Some sites review and ad-
just goals weekly, others follow a biweekly cadence, certain sites set goals monthly or once per
semester. This natural variation will be leveraged to test H1 by examining whether more fre-
quent adaptive calibration opportunities lead to larger gains in goal achievement, practice effort,
and skill proficiency. The variation also allows exploratory dose-response analyses to determine
the optimal calibration frequency for different student profiles.

Primary outcomes modeled through interrupted time series models, similar to pre-
vious studies:

« Weekly goal achievement (0/1).
« Practice effort (minutes practiced per week).

« Skill proficiency gains (skills mastered per week).

Secondary outcomes analyzed through regression models by aggregating measures
on the student level, similar to previous studies:

« Calibration accuracy: |goal — achieved| divided by goal.
+ Changes in survey-measured motivational constructs (listed above).

« Moderation of survey-measured motivational constructs at pre with goal intervention ben-
efits on the student level (calculated analogous to Chapter 5).

« Stretch goal: Manual or semi-automated content analysis of tutor-student transcripts dur-
ing goal purpose prompts (e.g., the “why” behind student goals).

6.5 Preliminary Interface Design

To build on existing infrastructure of the hybrid tutoring project, every student will be assigned
an effort goal (e.g., number of minutes practiced) and progress goal (e.g., number of skills mas-
tered) within a pre-determined and standardized timeframe for each partner school. Once a cycle
of that timeframe is completed, goal data will be uploaded into the web application to populate
relevant goal analytics and recommendations, which hybrid tutors will peruse with the student
via screen share as part of the regular tutoring activities. As the study’s manipulation, about 50%
of students will be randomly assigned to a condition where they are asked to generate implemen-
tation intentions when setting and adjusting goals (as outlined above).
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(a) Adaptive goal calibration dashboard with current progress and rec- (b) Implementation intentions prompt for specifying an “if-then” plan
ommended adjustment. which will be accompanied by a personal goal rationale.

Figure 6.1: Preliminary interface designs for the adaptive goal-setting intervention. The left panel shows the goal
calibration dashboard; the right panel displays the implementation intentions.

6.6 Plan B (Fall 2025 or Spring 2026): Custom Dashboard

Plan B would replace or supplement the hybrid tutoring study with a large-scale, fine-grained
log data intervention using the MathTutor intelligent tutoring system integrated with Tutor-
Shop [2], augmented by a student-facing dashboard to support goal setting and monitoring [23].
Scheduled for the 2025/26 academic year, this version would leverage development resources (led
by the doctoral candidate) to optimize tutoring system integration and streamline data capture.
School recruitment would aim for classroom research without the (at present) arguably rare hy-
brid tutoring setup, enabling stronger generalizability compared to prior work. The intervention
design would closely align with the grant-funded requirements of comparing the intervention
to a paper-based baseline control condition without goal support, while providing richer, time-
stamped interaction logs for analyzing goal-setting effects at a more granular process level but
with a weaker control condition.

6.7 Anticipated Contributions

The proposed work will make both theoretical and practical contributions to the literature on
goal setting, motivation, and scalable learning analytics in technology-enhanced education.

1. Advancing Theory on Adaptive Goal Setting and Motivation. By explicitly examin-
ing how calibration frequency, motivational profiles, and implementation intentions interact,
this study will refine existing models of adaptive goal setting within the framework of self-
determination theory [34, 94]. Prior chapters demonstrated that adaptive calibration benefits
low-effort students more than high-effort students but left open questions about psychological
mechanisms. The proposed design integrates direct measures of intrinsic motivation, perceived
control, failure avoidance, and goal orientation, enabling more precise theorizing about why and
for whom adaptive supports work, which can inform goal delivery at more fine-grain levels of
personalization in future work.

2. Introducing Goal Reflection and Implementation Intentions as a Scalable Support
Mechanism. While implementation intentions have been widely studied in laboratory and
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short-term interventions, their integration into an ongoing, data-driven goal-setting process in
authentic classroom contexts remains underexplored. This work will evaluate whether pairing
adaptive calibration with reflection on implementation intentions, sometimes shown to corre-
late with higher intrinsic motivation, strengthens persistence and achievement, particularly for
low-effort students, without undermining intrinsic motivation for high-effort students through
extrinsic rewards.

3. Identifying Optimal Calibration Frequency for Different Learner Profiles. Natural
variation in goal-setting cadences across partner sites will enable dose-response analyses of cali-
bration frequency. This will yield empirically grounded recommendations for the optimal number
and timing of calibration opportunities, balancing the need for timely feedback with the workload
of frequent goal adjustments.

4. Scaling Goal Support Through Platform-Embedded Automation. The proposed work
moves beyond facilitator-dependent implementations by embedding goal calibration, feedback,
and adjustment prompts directly into online platforms and dashboards. Both Plan A and Plan B
emphasize automation, allowing interventions to be deployed without dedicated on-site person-
nel, thereby reducing costs, minimizing observer effects, and increasing scalability to multiple
educational contexts and sites.

5. Generating High-Resolution Process Data for Learning Analytics. Through integra-
tion with multiple educational technology platforms (Plan A) or intelligent tutoring systems with
TutorShop (Plan B), the study will produce fine-grained, time-stamped interaction logs that link
goal-setting behaviors to subsequent learning actions and outcomes. These datasets will support
process-level analyses of momentum effects, calibration accuracy trajectories, and the micro-
patterns of goal pursuit in authentic classroom environments.

6. Strengthening External Validity and Generalizability. By extending beyond a single
platform or delivery model to include multiple educational technologies (Plan A) or an ITS with
broader classroom adoption potential (Plan B), the study will assess whether adaptive goal sup-
ports generalize across content domains, instructional modalities, and school contexts. This test
of generalizability increases the robustness and policy relevance of this thesis’ findings for large-
scale deployment.

6.8 Timeline of Completion

The planned timeline for completing this work is presented in Table 6.1.
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Date ‘ Expected Activity

September 12th 2025 ‘ Proposal Defense

September 2025 ‘ Finalization of Study Preparations

October - December 2025 ‘ Running of 6-8 week Field Study

October - December 2025 ‘ Job Market Applications (Materials Completed)

December 2025-February 2026 ‘ Data Analysis and Interpretation

March 2026-April 2026 ‘ Job Market and Pending Funding Decisions

Plan A: February-May 2026 ‘ Dissertation Writing and Defense Preparation for June Defense
Plan B: February-May 2026 ‘ Running and Inclusion of Second Study into Thesis; Later Defense

Table 6.1: Proposed timeline for addressing feedback and goal achievement challenges in hybrid tutoring.
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