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Adaptive collaborative learning support (ACLS) aims to facilitate collaborative activi-
ties by providing intelligent feedback and support based on students’ collaboration. Exist-
ing ACLS systems have been applied in various collaborative environments, ranging from
co-located collaboration in the classroom to online learning environments. While these tech-
nologies show promise, they primarily focus on supporting students within a single activity in
a given platform and do not consider that students often collaborate across multiple learning
platforms. Furthermore, the adaptive supports are primarily based on student participation
and do not take into account how students are motivated to collaborate. Student moti-
vation is critical during collaboration as it can encourage active participation and enhance
overall learning outcomes. Motivation can influence how a student chooses to collaborate
when participating in different types of learning platforms, along with the affordances of
the platforms. Therefore, students’ motivation may interact with different platforms’ affor-
dances, requiring individualized collaborative support. Hence, in addition to the cognitive
model within an ACLS, the adaptive support model should also consider student motivation
as it interacts with context. To address this gap, we have developed UbiCoS (Ubiquitous
Collaboration Support), a collaborative learning technology that encompasses three differ-
ent digital platforms: a discussion-based synchronous environment, a question-answer-based
asynchronous environment, and a virtual teachable agent. The specific collaborative skill we
are interested in is help-giving, as giving help to others encourages students to reorganize
and clarify content, reflect on misconceptions, and fill gaps in their knowledge.

We deployed UbiCoS in a middle school classroom, where several experiments were con-
ducted to support help-giving across the different platforms. We investigated how the same
students collaborated on the three platforms and identified factors that influenced their help-

giving. Using the collected data, we developed an explanatory participation model where

v



individual characteristics and platform properties intersect, which can then be used to design
collaborative support. Additionally, we discovered that platform features affect individual
characteristics, leading to changes in motivation when collaborating on different platforms.
To assess this dynamic aspect of motivation, we developed an interactive persona tool for
students to report their motivation prior to each digital collaborative activity. As a final step,
we designed collaborative support that considered student motivation and implemented a
badge system to reward student participation. The thesis makes significant contributions in
the fields of Human-Computer Interaction, Computer Science, and Learning Science in the
following areas: 1) The design of a collaborative learning environment encompassing multiple
platforms instead of a self-contained environment, 2) The adaptation of traditional Intelli-
gent Tutoring Systems (ITS) to model student collaboration using individual and platform
characteristics, 3) The design of an interactive tool for the dynamic assessment of student
motivation, and 4) The provision of personalized support across platforms, using student

motivation to facilitate effective collaboration.
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1.0 Introduction

Intelligent Tutoring Systems (ITSs) are personalized learning technologies designed to
monitor students’ learning activities and provide individualized support when needed. A
variation of such systems extended to collaborative activities is known as adaptive collabo-
rative learning support (ACLS). It aims to design efficacious support that models students’
collaboration and provides intelligent support to facilitate collaborative learning [115, 3, 81].
Technology-supported collaborative learning can enhance peer interaction, and both technol-
ogy and collaboration can facilitate sharing and distributing knowledge [67]. For example,
during collaboration, students are prompted to verbalize their thoughts, work collaboratively,
ask questions, explain and justify their opinions, and elaborate and reflect on their knowl-
edge [120, 22]. However, collaboration does not happen automatically [25] as students often
struggle to collaborate. One possibility could be that the students have limited knowledge of
interacting with each other when working in groups [62, 81]. As a result, students may fail
to take complete advantage of the collaborative activities and need support to engage in pro-
ductive interactions such as deep elaboration or constructing adequate arguments. Adaptive
collaborative learning support systems are designed to structure collaboration so that par-
ticular promotive interactions emerge. Many ACLS systems have been applied in different
collaborative environments, ranging from co-located digital collaboration in the classroom
[11, 63, 115, 50] to online learning environments [46, 3, 48]. For instance, Harsley et al.
[50] describe a system that supports pair collaboration in the classroom as the pair jointly
engages in solving linked lists data structure problems. The system provides collaborative
support utilizing a graphical interface, including pie charts and bar graphs to display group
participation. In contrast, Haq and his colleagues [48] developed a framework supporting
small group collaboration in an online platform. The system facilitated discussions around
object-oriented programming questions, where students responded individually first and then
had access to peer responses for reflection. The system provided feedback by analyzing group
responses and selecting the most authentic answer as the collaborative response.

While these technologies show promise, they focus on supporting students within a sin-



gle activity in a given platform and do not consider that students often collaborate across
multiple learning platforms. The benefit of using multiple learning platforms is that the
students can have a diversified learning experience since each platform offers unique features
for collaboration. Collaboration in such platforms can either be synchronous (occurring in
real-time and requiring the simultaneous participation of students) or asynchronous (occur-
ring in delayed time and does not require the simultaneous participation of students). The
synchronous mode of collaboration can be spoken or text-based, while the asynchronous
mode of collaboration usually involves text-based threaded discussion [59]. Furthermore,
these modes of collaboration can be in a public forum with geographically distributed stu-
dents or in a private classroom with peers. With multiple platforms, students may prefer to
participate in one platform compared to another. Moreover, as students learn how to con-
struct knowledge on one platform collaboratively, they are expected to transfer these skills
to another platform to solve similar problems. Facilitating the transfer of skills using ACLS
might ultimately enhance students’ collaborative learning abilities beyond a single platform.

To design ACLS for multiple platforms, it is crucial to understand how the student in-
teracts across different learning environments, ultimately allowing a seamless and integrated
collaborative learning experience for students. Students might behave differently on different
platforms, and focusing interaction within a single context limits the potential effectiveness
of the ACLS. Student behavior in a synchronous collaborative learning environment might
be different than in an asynchronous collaborative learning environment [28, 84]. For in-
stance, Davidson et al. [28] found that graduate students exhibited more responsive and
reactive statements in synchronous chats compared to an asynchronous threaded discussion
environment. In contrast, Oztok et al. [84] reported that threaded discussions fostered
more complex and reflective statements than synchronous chats. They explored graduate
students’ social and cognitive presence in a synchronous and asynchronous tool within the
same online environment. The results indicated synchronous messages contained more social
and emotional content than asynchronous notes, and asynchronous notes had more cogni-
tive processing words than synchronous messages. The contrasting behavior exhibited by
students emphasizes the importance of exploring student interactions across various learning

platforms to design effective collaborative support.



Traditional adaptive collaborative supports are typically based on monitoring students’
progress and participation within the system [92, 63, 53, 3, 114, 50]. However, an additional
area where these systems can be further extended is by considering student motivation when
designing collaborative support. Student motivation is critical during collaboration as it
can encourage active participation and enhance overall learning outcomes. Motivation can
further influence how a student chooses to collaborate when participating in different types
of learning platforms, depending on the affordances of the platforms. A student may have
high domain knowledge but may need to be more motivated to collaborate with strangers
in an asynchronous threaded discussion. So, students’ motivation possibly interacts with
different platforms’ affordances and who they are collaborating with, requiring individualized
collaborative support for students on different types of platforms. Hence, in addition to the
cognitive model within an ACLS, the adaptive support model should also consider student
motivation as it interacts with context. In this dissertation, we take a step toward developing
a new learning technology that facilitates student collaboration across multiple learning
environments. Our goal is to design adaptive support that leverages student motivation to
enhance the quality of collaborative discussions.

In this work, we created a suite of computer-supported collaborative learning (CSCL) en-
vironments called UbiCoS (Ubiquitous Collaboration Support) encompassing three different
platforms: a discussion-based synchronous platform, a question-answer-based asynchronous
platform, and a virtual teachable agent. It was designed and implemented by an interdisci-
plinary team including computer scientists, learning scientists, middle school students, and
middle school teachers [5]. UbiCoS aims to improve students’ collaborative behaviors across
multiple activities and platforms. The particular collaborative skill we are interested in is
help-giving, which is an activity where students interact with their peers, explain to one an-
other, and provide feedback and examples [58, 120]. In addition, effective collaboration also
requires that students build on, relate to, and refers to their collaborators’ work, referred
to as ‘Transactivity’ [14]. This allows the students to elaborate or answer their partners’
questions and modify their own explanations, which leads to the co-construction of knowl-
edge [55]. Hence, transactivity is an important part of successful help-giving. We focus

on students’ help-giving in a middle school mathematics class where students have oppor-



tunities to answer questions posed by their peers and provide feedback on their work. In
UbiCoS, students give help across four contexts: face-to-face small group discussions, digital
discussions with peers within a digital textbook called ModelBook, question and answering
using Khan Academy, and tutoring a teachable agent. The same students collaborate on
these platforms to solve open-ended problems. Our first overarching research question is to
investigate RQ1: How does student collaboration vary across the three different
learning platforms? By gaining insights into the variations in student help-giving, we can
design personalized and adaptive support systems that cater to students’ preferences and
each platform’s unique characteristics and affordances.

As mentioned before, student motivation might be a key factor influencing collaboration
in UbiCoS. We used student motivation as a pivotal factor in developing different aspects
of this cross-context collaborative support. First, the modeling of student collaboration is
an important step in ACLS systems. While many modeling approaches have been used to
support collaboration in ACLS systems, they often focus on student participation and disre-
gard factors like motivation and platform affordances. Yet, collaboration can vary depending
on students’ motivation and preference to collaborate on different platforms. For instance,
students may be willing to collaborate synchronously with their peers but hesitate to collab-
orate in a public question-answer-based forum. The key question is, therefore: RQ2: How
can we design an explanatory model using student motivation and contextual
factors to explain students’ collaborative behavior? In UbiCoS, students collaborate
in three different learning environments, and by modeling such collaboration, we seek to
better understand student participation in these platforms. Second, to effectively model mo-
tivation to provide support, we need to assess student motivation related to collaboration in
mathematics. One approach to investigating motivation in learning focuses on its dynamic
and responsive nature, considering contextual factors and their influence on the learner-
environment relationship [82]. Thus, following this approach, we focus on RQ3: How can
we assess student motivation dynamically and within context? We developed an
interactive tool that is contextually embedded in the digital textbook that students used
to report their motivation at the beginning of each digital collaborative activity. Finally,

to facilitate collaboration, we explored RQ4: How can we design adaptive collabo-



rative support using student motivation and context? To answer this, we designed
collaborative support leveraging the help-giving theory [120] and used student motivation
and platforms. The students’ self-reported motivation data was used to display support and
reward students’ participation through badges, aiming to facilitate collaboration across the
different platforms.

To summarize, this dissertation investigated the broad areas of ACLS development:
cross-context collaboration technology, modeling student participation using motivation and
context, assessing motivation within context, and designing support using motivation and
context. Table 1 describes the overarching research questions and associated design elements,

methods followed, and sub-research questions for each research question.

1.1 Research Contribution

This dissertation contributes to Computer Science and Human-Computer Interaction
(HCI) by introducing innovative approaches to education research and learning science. We
developed UbiCoS, a cross-context collaborative learning environment that enables a system
that can function in the background across multiple learning platforms, encouraging new
means of fostering and assessing collaboration.

For the Computer Science community, we developed a theorized, explanatory model
for student collaboration in the realm of small data using student motivation and platform
characteristics. Although there is room for improvement, we believe the process of generating
this model is unique and generalizable to other study contexts.

For the HCI community, we developed an interactive tool for assessing motivation within
context. In many works of literature, motivation is considered to be dynamic and changes
within the learning steps. Following the dynamic aspect of student motivation, we used the
tool to measure motivation prior to each collaborative activity and provide relevant support.

For the Learning Science community, this research contributes to collaboration theory
by exploring student interactions across platforms and offers practical recommendations for

implementing these technologies in the classroom.



Table 1: Overarching and respective sub-research questions in the four major areas of ACLS

development. Design and method indicate the product developed and the process followed

to address each overarching research question. “Ch#” stands for chapter number.

Area ‘ Category ‘ Description

RQ1 How does student participation vary across the three different learning

environments?
RQ1 Design | UbiCoS System
RQ1 Method | Design Based Research

RQ1la How do individual students’ help-giving interactions vary across Model-
book and Khan Academy? (Ch#3)

Technology RQ1b How does student help-giving interaction across different platforms pre-
dict learning and motivation? (Ch#3)

RQlc How do individual differences (motivation and prior domain knowledge)
predict student help-giving behavior across multiple platforms? (Ch#3)

RQ1d How do the interaction quantity and quality differ across the three plat-
forms in the three cycles? (Ch#3)

RQ2 How can we design an explanatory model using student motivation and
contextual factors together and explaining students’ collaborative be-
havior?

RQ2 Design | Explanatory Modeling Approach
RQ2 Method | Logistic Regression
Modeling RQ2a Which factors motivate or inhibit students help-giving behavior on dif-
ferent platforms? (Ch#4)

RQ2b How do we model students’ constructive participation using individual
and platform characteristics to explain their participation? (Ch#4)

RQ2c How well does the computational model explain the students’ construc-
tive participation in unseen data? (Ch#7)

RQ2d Is the computational model transferrable beyond the context it was
built?(Ch#7)

RQ3 How can we assess student motivation dynamically and within context?

RQ3 Design | Contextually Embedded Interactive Tool
Assessment | RQ3 Method | Co-design sessions & Design Study & Classroom Study

RQ3a How did the students use the interactive persona tool? (Ch#5, Ch#6)

RQ3b How does interaction with the persona tool relate to students’ collabo-
rative behavior across the different platforms? (Ch#6)

RQ4 How can we design adaptive collaborative support using student moti-
vation and context?

RQ4 Design | Collaborative Support Design using Sentence Starters and Badges
Support RQ4 Method | Design Study & Classroom Study

RQ4a How did the students use the support (sentence starters and badges)
across the three platforms? (Ch#6)

RQ4b What is the relationship between student support usage and student

participation? (Ch#6)

6



1.2 Outline

In this chapter, I introduced the motivation, the overarching research questions, and the
research contribution of the thesis. The rest of the thesis is organized as follows: Chapter
2 reports related work on the help-giving skill, adaptive collaborative support systems, and
modeling and assessing dynamic motivation. In Chapter 3, I describe the collaborative learn-
ing environment, UbiCoS; the iterative cycles of the design-based research study, and present
the quantity and quality of student help-giving participation across the three platforms in
the three cycles. Chapter 4 illustrates the results of a semi-structured interview where we
extracted factors influencing student help-giving participation across the three platforms.
I then describe how we used a subset of those factors and the platform characteristics to
develop a computational model to explain student participation. I present the results of
the model. Chapter 5 describes a design study where we implemented the initial version
of an interactive tool for assessing motivation within the context and the primary adaptive
support. Chapter 6 describes a classroom study where we revised the interactive tool and
the adaptive support based on the observation from the design study. We investigated and
reported how students used the interactive tool to report their motivation and how the stu-
dents used the adaptive system. Chapter 7 describes the generalizability and transferability
of the computational model (developed in Chapter 4) across different study contexts. Finally,
I end with Chapter 8, summarizing my work, acknowledging the limitations, and presenting

future research avenues.



2.0 Related Works

This chapter centers around exploring work related to adaptive collaborative learning
systems. We begin by examining the specific collaborative skill, help-giving, and how re-
searchers facilitate this behavior. We proceed by describing existing collaborative intelligent
tutoring systems and their feedback mechanisms. Additionally, we summarize the approaches
employed by intelligent tutoring systems to assess the dynamic aspect of motivation. Fur-
thermore, we discuss the utilization of gamification elements, such as badges, within the
domain of the intelligent system and explore their potential extension for ill-defined collab-

orative systems.

2.1 A collaborative skill: Help-Giving

There are different methods to implement collaborative learning, such as cooperative
small group learning [57, 102], reciprocal teaching [86], and classwide peer tutoring [42].
Peer-directed small-group learning is a topic of much interest to educational researchers.
The benefits of such an approach have been highlighted in a number of empirical studies,
e.g., Slavin et al. [101] reported how cooperative small group problem-solving is used to
improve student learning and student motivation; Webb et al. [119] investigated different
kinds of peer interaction that influence student learning in small groups; and Fuchs et al.
[43] taught students to provide conceptual explanations (i.e., reasoning and explanation)
in a peer-mediated group learning environment. Most of these peer interactions included
high-level elaboration (i.e., explanations) and low-level elaboration (i.e., answer to a prob-
lem, procedural information, managerial information) [119]. These researches focus on a
key aspect of peer interaction, i.e., students’ help-giving behaviors during group learning
[121] where students interact with their peers, give explanations to one another, and provide
feedback and examples [58, 120]. Help-giving is one of the promotive interactions for collab-

oration [58], and has cognitive benefits as giving help encourages students to reorganize and



clarify content, reflect on the misconceptions, and fill gaps in their knowledge [120]. Webb
and colleagues have thoroughly investigated the relative impact of interactions during in-
person collaborative tasks and concluded that giving and receiving elaborated explanations
lead to greater learning gains [120]. Different studies [119, 79] further explored different fac-
tors influencing students’ help-giving behavior. According to Webb [119], factors such as the
characteristics of the individual (e.g., ability, personality, gender), the group’s composition,
and the type of questions asked predicted the level of elaboration in response to students’
questions and errors. Nattiv et al. [79] conducted a similar analysis to investigate whether
the helping behavior and achievement gain generalize to elementary grades as opposed to
Webb’s approach (i.e., seventh and eighth grade). They found that high achievers gave more
explanations, and low achievers often asked for and received explanations.

While Webb and others focus on elaboration and its relation to learning, this approach
misses the socio-constructive element of peer-directed small-group learning. This element
refers to an individual’s learning that occurs because of their interactions in a group [85].
The learning occurs when students build on each other’s ideas while giving and receiving
help, sharing knowledge, and resolving conflicts between their own perspectives and those of
other students who are engaged in a collaborative process of knowledge building - another
key piece of help-giving. The process of responding to each other’s comments is known as
transactivity [14, 105], a construct well-researched in the domain of educational psychology
and computer-supported collaborative learning. Providing high-level help and engaging in
transactive behavior are critical components of the knowledge-construction process during
small-group peer interaction. In this process, the learners’ mental functioning develops as
they internalize and transform the content of social interaction [113]. One student’s comment
acts as a source for the other student’s reasoning and knowledge construction. A lot of
research on collaborative dialogs focuses on transactivity [94]. Thus, in this thesis, I focus
both on elaboration and transactivity.

Previous works related to help-giving have trained the students to give high-level elabo-
ration prior to the collaboration [121, 43, 79]. They primarily concentrated on face-to-face
collaborative environments. Recognizing its advantages, several intelligent tutoring systems

have also explored the concept of help-giving as a collaborative skill [115, 3]. Walker et al.



[115] investigated help-giving in a peer tutoring context where students worked in pairs, and
Adamson et al. [3] investigated transactivity in a synchronous chat environment to provide
adaptive support. Traditionally, efforts to facilitate help-giving among peers or within small
groups have focused on improving the quality of help, emphasizing the students’ cognitive
processes without explicitly targeting the motivational factors that influence help-giving. In
this thesis, our aim is to support students in giving help across various learning platforms

by utilizing students’ motivation associated with help-giving.

2.2 Systems with Adaptive Support for Collaboration

In the previous section, we described a specific type of collaborative activity, help-giving,
and its benefits. It is evident that any kind of collaboration doesn’t happen spontaneously
[25] and requires much effort. Research continues to determine ways to support collaboration
to foster productive interaction, leading to desired domain learning and collaborative skills.
Existing research suggests that to support individual needs during collaboration, adaptive
solutions are more effective than traditional static support. These adaptive systems can
either be systems designed solely for facilitating collaboration, or they can be intelligent
tutoring systems that were extended to support student collaboration.

Numerous systems are built solely with the purpose of providing adaptive support to stu-
dent collaboration [111, 29, 92, 63, 53, 61, 3, 108]. Vizcaino et al. [111] developed HabiPro, a
collaborative software designed to support good programming habits among first-year under-
graduate students. Depending on how students collaboratively (groups of two or more) solve
a problem in a shared window and how they use one of the four help buttons, the system
provides feedback on both social and task-oriented aspects of group learning. Constantino-
Gonzalez and Suthers [29] describe COLER, a web-based collaborative learning environ-
ment in which undergraduate students can solve database-modeling problems using a shared
workspace and communicate via a chat window. The students collaborate synchronously in
small groups at a distance. LeCS, another web-based collaborative case study system [92],

provides domain- and collaboration-based feedback. Kumar et al. [63] describe an ACLS,
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CycleTalk, where students worked in pairs in a simulation-based learning environment. They
reported that the support implemented with tutorial dialogue agents is better than static
support at increasing domain learning. GroupLeader [53] assists students working remotely
in collaborative groups. This system analyzed the log files for each student and for each
group and assessed the group’s collaboration level based on the following three parameters:
promotive interaction, social skills and group processing, positive interdependence and indi-
vidual /group accountability. Karakostas and Demetriadis [61] demonstrated that students’
learning improved when collaborating students received adaptive domain support in the
form of prompts relating to important concepts the students had missed in their discussion
rather than a static resource that described all important domain concepts. Adamson et
al. [3] used conversational agents for scaffolding online collaborative learning discussions
that would encourage students to articulate and elaborate their own lines of reasoning and
challenge and extend their teammates’ reasoning. Tsan [108] developed two collaborative
support features in a block-based programming environment to support upper-elementary
students’ collaborative dialogue and reduce the number of conflicts they encounter.

In contrast to the above systems, much of the research extended ITS focused on indi-
vidual learners to support collaboration. These systems focused on merging the affordances
of both I'TS and CSCL to capitalize on the benefits of group learning and adaptive support
[49, 36, 11, 34, 81, 50, 48]. Harrer et al. [49] investigated whether a cognitive tutoring
framework can support collaboration while students use collaborative software. Students
collaborated in a shared workspace performing a UML modeling task, which the system
analyzed using network graphs. The system intervenes if it notices that a student is going
down a path that leads to incorrect solutions. In addition, [49] proposed to give feedback
related to task coordination (i.e., distributing the work among group members and spending
an appropriate amount of time in different phases of the collaboration) by analyzing the logs
obtained from the collaboration tool. Dragon et al. [36] designed Collaborative-Rashi, a
coaching system to support collaboration, on top of an ITS for ill-defined domain spaces (ge-
ology, biology, art history, and forestry) where the students engage in inquiry-based learning.
Systems such as COLLECT-UML adaptively support students in collaborating on the design

of UML class diagrams and have been shown to lead to greater knowledge of collaboration
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over an individual learning system [11]. Diziol et al. [34] developed two collaborative exten-
sions to an intelligent tutoring framework: first, they used adaptive scripts for collaborative
problem-solving aimed to support student interaction. Students worked in a peer collabora-
tion scenario where they worked together to solve an algebra problem. Adaptive interaction
support was provided when the system detected student behaviors such as trial and error
and hint abuse and provided feedback based on those behaviors. In the second extension,
[34] enhanced the adaptive script to support reciprocal peer tutoring and give feedback to
the peer tutors. The system compared the peer tutor’s action (correct or incorrect) and dis-
played a social prompt and the cognitive tutoring support that an individual learner would
have received. The system also provided hints on demand to the peer tutor to assist the
tutors in elaborating on their existing knowledge and constructing new knowledge. Olsen
and colleagues [81] extended a cognitive tutoring authoring tool and developed collabora-
tive tutors focused on procedural and conceptual knowledge to support elementary students’
collaborative behavior. The students collaborated to solve fraction problems using their
own computers via a shared workspace and communicated via speech. The collaborative
tutor provided the usual cognitive and social support using embedded scripts. The scripts
supported collaboration through the distribution of responsibility to create accountability
and independence. Harsley et al. [50] modified an existing ITS in structuring collabora-
tion, called Collab-ChiQat Tutor, to support collaboration between pairs of students as they
jointly engage with the system in pair programming. Haq and his colleagues [48] developed
a framework supporting small group collaboration in an online platform. The system facili-
tated discussions around object-oriented programming questions, where students responded
individually first and then had access to peer responses for reflection.

All of these adaptive support systems, irrespective of how they are built, may vary
in how they assess student collaboration and how they provide feedback to the students.
However, one common thing across all of these systems is that they focus on a single learning
environment, and each has an adaptive support system dedicated to it. In this thesis, we
primarily explore the design of a single adaptive system that supports collaboration across

multiple learning platforms instead of separate intelligent systems for each platform.
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2.2.1 Modeling/Assessing of Student Motivation within ITS

Up until now, all the adaptive systems described above provide personalized feedback
based on student interactions by tailoring learning materials (e.g., displaying easy problems
and moving to harder problems based on student performance). One key aspect of student
participation missing/neglected here is student motivation. Motivation is one of the learner’s
characteristics that influence learning processes. It is a major driver of engagement both
in traditional and online learning environments. In traditional classrooms, the teachers
can monitor the students’ motivational state and adapt the teaching strategy. In ACLS
systems, in addition to the cognitive model, it should also include motivation in the learner
model to adapt instructions accordingly. Much of the recent efforts are given in this area
where intelligent tutoring systems include motivation and provide personalized support to
individual learners [31, 91, 76, 56, 117, 78, 98, 82].

To model student participation effectively and adapt to a student’s motivational state,
one of the first things the ACLS systems need is to include the assessment of motivation in
the ITSs learner model. The most common form of assessing motivation is through surveys
or questionnaires. However, this approach has limitations in an ITS context. In most cases,
the assessment is done at the beginning of the study, which misses two important aspects of
motivation: 1) motivation is influenced by the environment [72], so it should be examined in
the context of events, and 2) motivation is dynamic and changes over time [35], so it should
be assessed as such. This aspect of motivation has resulted in the adoption of different
techniques to assess motivation. For example, some I'TSs address dynamic assessment using
an interface embedded with questionnaires and sliders [31] or utilizing a single self-report
question [78]. Vicente et al. [31] used a motivational slider and asked the students to self-
report their motivational state while using the I'TS called MOODS (MOtivational Diagnosis
Study). The students were asked to report their motivational state (effort, confidence, sen-
sory interest, cognitive interest, relevance, satisfaction) at any time during their interaction
with the system. Similarly, the system used in [78] utilized a single self-report question after
each activity to label a student as ‘motivated’ and ‘unmotivated.” However, there are a

few challenges with utilizing questionnaires to assess motivation. For example, there could

13



be difficulty in understanding vocabulary typically used to assess motivation [40, 44], and
survey fatigue which can lower the quality of the responses/response rates [90]. Also, ad-
ministering such questionnaires during tutoring can be too intrusive [117] and disruptive to
student participation [76].

The other method for assessing motivation is using physiological data (e.g., capturing
heart rate and galvanic response, eye gaze, facial expressions) to model motivation-related
behavior and provide intelligent support [91, 76, 98]. By combining evidence from learner’s
eye gaze and interface actions, Qu et al. [91] used a Bayesian model to infer a learner’s focus of
attention as an estimate of motivation in ITS (i.e., a learner’s degree of confidence, confusion,
and effort). The evaluation of the model revealed that the recognition accuracies are above
70% for the learner’s motivation compared to a model using a human tutor’s observation as
a baseline and another model that used the learner’s self-reports as a baseline. McQuiggan
et al. [76] developed a dynamic model to capture students’ motivation (self-efficacy) in
ITS using Naive Bayes and decision tree models. The dynamic model learns from pre-test
data, physiological data (heart rate and galvanic skin response) of students captured with
a biofeedback apparatus, and interaction data of students in their learning environment.
The results indicate that the dynamic self-efficacy model predicted students’ self-efficacy
more accurately than a static model (excluding physiological response data) generated from
data obtained using a validated self-efficacy instrument. Santos et al. [98] explored the use
of convolutional networks in detecting levels of intrinsic motivation (interest and joy) using
visual cues from students’ facial expressions. While these approaches used alone or combined
with machine learning methods can provide an automatic and often accurate estimation of
the student’s motivation [82], they have notable challenges. They are often costly and thus
difficult to scale as they require sensors, cameras, and other devices to capture a continuous
measurement of physiological data. Moreover, learners might react negatively toward these
sensors [78]. Also, it depends on the type of motivational construct, e.g., boredom and
confusion can be extracted using such physiological data — but for the confidence levels, it
might be challenging for the sensors to detect these constructs.

Analyzing the log files is another approach that has been used extensively to assess

student motivation. Johns et al. [56] developed a dynamic mixture model to infer student
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motivation (unmotivated-hint, unmotivated-guess, and motivated) from a hidden Markov
model (HMM) and student proficiency from an Item Response Theory (IRT) model. They
used students’ log data from an ITS to validate the model. Ward et al. [117] used Natural
Language Processing methods (semantic cohesion measure) to measure student motivation
(self-regulation, self-efficacy, and intrinsic value). They used the student utterance data from
the I'TSpoke tutor and hypothesized that there is a direct correlation between motivation and
cohesion when using the tutor. They calculated the mean scores on the pre-and post-tutoring
motivational measures and used them to calculate correlation with cohesion. However, they
did not analyze the motivational constructs separately. While the machine learning models
could be more sophisticated/accurate, it requires a reasonable amount of data and a set of
features to train a model and accurately predict students’ motivation state.

One notable challenge with the above-mentioned approaches, including utilizing physio-
logical data or analyzing log files, is that it can leave the students without agency in reporting
motivation, as the assessments are not directly captured by the students. Student agency
encourages ownership of learning and engagement [4] that promotes academic performance
and learning experiences [70]. The lack of agency can result in reduced engagement in learn-
ing activities, reducing confidence in their capabilities. Thus, by integrating student agency
in assessing their motivation, we expect to attain a more accurate representation of student
motivational state.

All these systems describe methods to assess student motivation and support individual
learners. In UbiCoS, we aim to provide adaptive support for collaboration across multiple
learning environments. Student motivation becomes more critical as motivation may vary
not only throughout a learning episode [76] but it is likely the motivation may also vary
across the platforms. So we are interested in the dynamic assessment that will capture
students’ motivation within the context. An I'TS can then use this data to create personalized
interventions encouraging participation. We aim to assess students’ motivation dynamically
and design for the agency to have students report their motivation within context. This
approach will ultimately support us in adapting collaborative support in each context based

on the reported motivation to encourage meaningful collaborative participation.
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2.2.2 Designing Collaborative Support

In the intelligent tutoring systems domain, when to offer support is a widely debated
topic. Adaptive support can be given prior to, during, and after collaboration. Prior to
the collaboration, supports can take the form of scripts embedded in the interface [34, 81],
prompts using sentence openers [92, 36| (where students complete open-ended sentences),
hints using widgets (e.g., buttons) [111, 115]. Supports that are given during and after
collaborations offer feedback assessing student interactions (assessment could be action-based
[29] or dialog-oriented) to improve the quality of collaboration, eventually, student learning.
This feedback can be given via automated conversational agents (can vary from spoken to
text-based) [111, 29, 63, 3, 106], or displaying feedback on the graphical user interface [50].

ACLS systems vary greatly from each other as they use different methods to facilitate
collaboration. Some systems facilitate dialogue between collaborating students by using
sentence starters/openers and use that to determine what type of support to provide [92,
36, 53]. In LeCS [92], students use sentence openers to facilitate the process of reaching
an agreement in the case discussion in a chat window. The students are asked to classify
their own utterance, which is later compared against an ideal dialogue model to initiate
an intervention. Collaborative-Rashi (or C-Rashi) [36] used sentence openers to provide
support in a synchronous chat environment where students have solved problems in an ill-
defined domain. The support was designed to facilitate an in-depth, on-topic discussion and
to provide a coherent view of the argument. Groupleader [53] used 46 sentence openers to
label their utterance and provide support. However, one issue related to sentence starters is
that the students often do not consistently select sentence starters that match the statements’
content, perhaps because they do not know how to use them effectively or are not motivated
to do so, and hence support can be inaccurate [53, 65]. This has been recently improved
using machine learning classifiers to automatically classify student contributions and trigger
support as necessary [94, 75]. Another common way to help students collaborate is to embed
adaptive scripts within the interface [34, 81]. Diziol et al. [34] provided adaptive interaction
support via scripts for collaborative problem-solving. The system detected student behaviors

such as trial and error and hint abuse and provided feedback based on those behaviors. They
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also enhanced the script to support reciprocal peer tutoring, where the system compared the
peer tutor’s action (correct or incorrect) and displayed a social prompt and cognitive tutoring
support. The collaborative tutors developed by Olsen and colleagues [81] used embedded
collaborative scripts to provide social support for students.

In order to give adaptive feedback, a system has to be able to automatically assess student
collaboration. Different methods are used within ACLS systems to assess and compare
student collaboration and then provide feedback to the students. The simplest way to
assess collaboration and provide support is to use metrics other than the content of the
dialogue itself, such as counting individual’s utterances, and then encourage those who are
not participating to participate more [92]. ACLS systems such as COLER [29] and [49]
focus exclusively on student problem-solving actions in a shared workspace to give feedback,
ignoring the content of language communication between collaborating students. In contrast,
ACLS systems that analyze the content of student utterances may use simpler methods (e.g.,
sentence starters, keywords) or use advanced machine learning or natural language processing
methods to categorize student participation and provide collaborative support [115]. Walker
et al. [115], in their reciprocal peer tutoring context, used automatic classifications, student
self-classifications, and domain information in the dialog to asses the actions peer tutors
take during collaboration. The chat window had intelligent support to assist peer tutors
in providing better help to the tutees. While all these studies used some sort of student
interaction to provide feedback, Dennis et al. [33] reported adaptation of feedback (using
conversational agents) based on learner characteristics and performance.

After assessing the students’ participation in different ways, ACLS systems attempt to
provide support in different ways to facilitate collaboration. For example, some systems
use conversational agents to provide peer interaction support: HabiPro system [110] uses a
simulated agent as a group member and intervenes in the following three cases as it may de-
crease the benefits of learning in collaboration: off-topic conversations, students with passive
behavior, and problems related to students’ learning. During the collaborative activity, the
simulated peer uses the group model to compare the current interaction state and propose
actions (e.g., suggests continuing with the problem in case of off-topic conversation, gives

hints in case students do not have enough knowledge). In COLER, the author seeks to facil-
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itate effective group-learning interactions by implementing a coach as a personal assistant to
each student. The coach gives feedback when there are problems in the quality of solutions,
differences in individual and group solutions, and differences in the learners’ participation
levels. [63] used a tutorial dialogue agent to provide interactive dynamic support within
a synchronous collaborative chat environment. Both [106, 3] used conversational agents to
support collaborative activities based on the Academically Productive Talk (APT) frame-
work. This framework is consistent with the transactivity perspective. Tegos et al. [106]
describe MentorChat, a teacher-configurable domain-independent conversational agent that
uses natural language to scaffold peer discussions in synchronous (text-based) collaborative
learning settings. The agent adaptively supports each group discussion by monitoring dia-
logue and identifying opportunities for intervention. Similarly, Adamson et al. [3] investigate
the use of conversational agents to scaffold online collaborative learning discussions. Their
system Bazaar provides collaboration support to distributed groups of learners collaborat-
ing synchronously. The system prompts students for explanations in the context of group
discussion with the goal that students will articulate their own reasoning and evaluate and
challenge others’ reasoning. However, using such an agent-based approach has certain lim-
itations. First, it is very content-specific, hence not scalable [3] across different platforms.
Second, having one coach per student implies that students’ behavior is more monitored,
which may provoke students to collaborate more with their coach than their partners, pro-
ducing the opposite effect of the coach intent [110]. In contrast to these conversational
agents, non-conversational adaptive supports are also prevalent within the systems in order
to facilitate collaborative dialogues and problem-solving. The other type of feedback given to
the students is using visual tools. In Collab-ChiQat Tutor [50], the system used a graphical
user interface to give collaboration feedback such as hints about successful collaboration,
visual charts explaining peer collaboration (number of spoken utterances between partners,
comparison of the number of compile errors vs. success per problem), and overall group

score.
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2.3 Providing Feedback using Badges within ITSs

In the previous section, we get a brief overview of how ACLS systems provide support
and feedback to students. The systems gave feedback based on students’ actions in a shared
workspace or student utterances. In case the students are using synchronous messaging to
collaborate with each other, a common approach to give feedback is a conversational agent
that assesses student utterances or discussions and provides feedback to the students [63, 3].
While this approach has been useful in collaboration and learning, this can also be disruptive
during synchronous collaboration, e.g., if the agent gives feedback to the whole group, it can
break the conversation flow among the group members; if the agent gives feedback to a
particular student in the group, the student might get distracted. Furthermore, we wanted a
unified feedback system for all three platforms. In UbiCoS, the same students collaborate via
synchronous messaging in an asynchronous question-answer platform and teach mathematics
to a virtual teachable agent. To give feedback on student participation, we combined the
approach of giving prompts before/during each collaborative activity and giving feedback to
the students after their participation via badges.

A growing number of online learning environments are incorporating game-like elements
(e.g., leaderboards, points, badges, etc.) as it has the potential to address challenges around
student motivation and to positively impact learning [66, 18]. Among the game-like elements,
badges are one of the common ones used in small-scale online courses [24], MOOCs [83], and
more recently in ITSs [2, 41, 103]. Abramovich et al. [2] used badges within an intelligent tu-
toring system and investigated how educational badges affect learning motivation for middle
school students. In this system, badges were awarded for skill mastery or for continued use
of the system. Tahir et al. [103] added badges in SQL-Tutor, an intelligent tutoring system
teaching problem-solving in SQL. They found that the more badges the students achieved,
the more time they spent interacting with SQL-Tutor.

These studies have shown that badges can effectively incentivize students to complete
specific tasks or increase participation. However, applying feedback mechanisms has chal-
lenges in ill-defined domains where the solutions to open-ended problems depend on reasoned

arguments rather than a fixed number of formal steps. So, we adopted a positive feedback
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approach where we assess and reinforce the positive aspects of a student’s utterance to guide
student collaboration. Positive feedback is effective because it reduces uncertainty in the
students’ knowledge [77]. We used badges to give such feedback based on the quality of
students’ utterances rather than the number of tasks to be completed or the correctness of
a task. It may encourage students to self-reflect, or make them aware of their participation,

facilitating collaboration across the platforms.

2.4 Conclusion

This chapter provides a comprehensive overview of existing research in the field of adap-
tive collaborative learning support systems (ACLS). It includes various aspects, e.g., the
help-giving skill, adaptive support systems, and the provision of feedback using badges in an
ITS domain. The chapter describes how ACLS has been developed as either a stand-alone
system or by extending existing I'TS and has been applied in different collaborative environ-
ments, from co-located digital collaboration in classrooms to online learning platforms. By
synthesizing previous studies, this chapter lays the foundation for the subsequent chapters
that describe the design and development of cross-platform adaptive collaborative support

systems.
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3.0 Student Help-Giving Participation in Multiple Learning Environments

In this chapter, we first describe UbiCoS, the collaborative environment we have devel-
oped where students can practice help-giving in multiple learning environments with different
collaborators. We aim to design a system to support help-giving and improve interaction
quantity and quality across these platforms. Using the first overarching research question
RQ1: How does student participation vary across the three different learning environments?,
we hope to understand how students give help on different platforms. This will give us
insights into their collaboration and whether students benefit from multiple platforms. To
achieve this, we deployed UbiCoS in a middle school classroom following a design-based
study (DBR) approach in three cycles. We investigated students’ help-giving and iterated
on the technology to better facilitate students’ help-giving participation. In this chapter, we
address the sub-research questions RQ1a-RQ1d as listed in Table 1 in Chapter 1.

This chapter is structured as follows: In Section 3.1, we describe UbiCoS, the collab-
orative learning environment encompassing three different platforms: Modelbook, Khan
Academy, and Teachable Agent. Next, in Section 3.2, we describe the three cycles of the
design-based research method sharing the major refinements across the cycles to improve stu-
dents’ help-giving behavior. Section 3.3 describes our initial analysis using research questions
RQ1a to RQ1c, where we used the digital interaction data from Cycle 1. We measured the
quality of students’ help-giving by developing a coding scheme. We investigated the influence
of students’ motivation (i.e., self-efficacy), attitude towards math, and domain knowledge on
students’ help-giving. This work [5] was published at the Artificial Intelligent in Education
Conference. Finally, we iterated on the coding scheme to improve assessing the quality of
students’ help-giving behavior developed in Section 3.3.2.1 and addressed R()/ where we
analyzed the quality and quantity of students help-giving across the different platforms in
the three different cycles. This work [73] was published at the International Conference of

the Learning Sciences.

21



3.1 UbiCoS: System Description

To facilitate help-giving activities across various platforms, we focused on two main ap-
proaches: (1) Creating a curriculum to foster productive interactions and foster relationship-
building in both face-to-face and digital settings, and (2) Developing technology to embody
the curriculum and provide support for these activities. This section provides an overview of
the curriculum and introduces the three platforms integrated into the UbiCoS collaborative

learning environment.

3.1.1 Curriculum Design

We specifically designed our curriculum to promote productive collaborative interactions.
To accomplish this, our team includes a co-designer teacher who has taught middle school for
13 years and was trained in modeling pedagogy. Modeling pedagogy is a method based on
constructivism, where students engage in small-group, open-ended investigation of a concrete
problem that provides the basis for developing a conceptual model [54]. They express their
models on whiteboards, give feedback on other groups’ whiteboards, and ultimately have
a whole-class discussion to arrive at a set of principles related to the models. Modeling
activities promote discussion since there are often multiple right answers and many correct
learning paths and are similar to other learning pedagogies such as problem-based learning
[52] and invention as preparation for future learning [99]. We chose the modeling curriculum
because it encourages collaborative interactions, develops learners’ sense of community, and
engages students with math practices such as explaining and critiquing data interpretations.
To develop the curriculum, we met with our co-designer teacher an average of once every
two weeks for two semesters. We selected three topics aligned with common core and state
standards for eighth-grade mathematics: ratios and proportions, volume and surface area,

and linear functions.
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3.1.2 Platform Description

We introduced three digital platforms where students could interact to complement the
curriculum and the small group and whole-class discussions. We describe each of them in

the following three sections:

3.1.2.1 Modelbook

The first platform is a digital textbook called ModelBook that we developed to contain
curricular materials (e.g., question prompts and homework assignments). It allows the stu-
dents to log their work (e.g., students could upload photos of their whiteboards) and enable
them to interact digitally with their classmates at critical moments. Modelbook incorporates
several components to facilitate student interaction. In ModelBook, students can see two
windows: text on the left and one of several interactive tools on the right. One tool is the
Gallery, where the students can upload work they completed in face-to-face groups and are

able to evaluate, critique, and provide feedback to others through discussion (see Figure 1).

Comment on Others Submissions in Groups

Discuss:

What s the rate of change for each graph?
What does a rate of change on a graph mean?
what does it mean specifically for this graph?
What did we discover?

i think that their graph does this because they probably didn't order the
t smallest cup to biggest cup in the table so it got messed up since 2 cups
are kind've the same width

your answer is wrong because you were supposed to plot in order form
least to greatest and i think you put it in any order

I think that you did it wrong because it starte's constant for the first 3
dots then it goes at a decreasing rate backwards

Image uplcatied by Group |

Discussion Group: Zebra,Alligator, Leopard,Duck Ant,Elephant You did the mesuaring right but another way to do it is to put the

measuring in the table fomr least to greatest

Gomment on this picture 1
L

Figure 1: An example of the gallery discussion thread in Modelbook.
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A second example is the Graphing Tool, where students input data points on a table
and see the output on the graph. Finally, we have a place for a whole-class discussion called
the Chat. With the teacher’s guidance, students were encouraged to perform help-giving
interactions in the gallery and general chat. ModelBook is designed to help students bridge
their face-to-face and digital interactions. Students might work with one group to create a
whiteboard, upload a photo of their whiteboard to a digital gallery, and then engage in a
digital discussion about their whiteboard with another group.

ModelBook was built using the Django web framework. The application’s front end is
implemented using HTML, jQuery, and CSS. Templates within Django contain the static
parts of the desired HTML output and provision for inserting dynamic content. For each
tool in Modelbook, there are icons on the left hand of the application, which, when clicked,
triggers a jQuery event to dynamically load the related interface on the application’s right-
hand side. All discussion threads were implemented using the “Pusher” service - a hosted
API for quickly, easily, and securely adding a real-time bi-directional connection. We have
used the default SQLite database that accompanies the Django framework. All user activity

(e.g., uploaded images, messages) is stored in the database.

3.1.2.2 Khan Academy

The second digital platform is Khan Academy (www.khanacademy.org), a public question-
answer platform where students watched short videos and participated in Q&A forums.
While most known for its instructional videos, Khan Academy allows asynchronous collabo-
ration with geographically distributed learners within the question-and-answer environment
under each video. By answering questions, students articulated their understanding of con-
cepts they learned and engaged in help-giving behavior with the broader public (see Figure
2).

For our curriculum, students posted responses to Khan Academy questions a few times
during the study. To facilitate this activity, students were instructed to watch a related Khan
Academy video (as homework or watch in class). They were asked to look for questions

posted by other people and provide a response. Students’ responses were then discussed in
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www.khanacademy.org

class the following day, and they were encouraged to post in class if they had not done their

homework. An example of student participation in Khan Academy is shown in Figure 2.

Frog ayear ago
on the basis, what is the true purpose of a graph?

Reply - Comment (1vote) A Upvote ¥/ Downvote [RJ Flag

Alligator a year ago

| may be wrong but | think the true purpose of a graph is to see the
information that you have been given. Again, | may be wrong but that is
what | think it is.

1 comment (1 vote) R Flag more v

Sonya Valkova 2 months ago

| think you wanted to say that graphs are more
interactive, right?

R Flag
Comment

Post a comment...

Figure 2: An example of discussion thread in Khan Academy.

3.1.2.3 Teachable Agent

The third digital platform is a Virtual Teachable Agent, a desktop version adapted from
Lubold et al. [69]. In this system, students work individually with an agent to help them
solve step-based mathematics problems. Students follow a worked example on an interface
and explain each step to the agent. The agent responds in spoken dialogue. If the student
provides the correct answer but fails to explain, the agent prompts them to elaborate (see
Figure 3). Through these interactions, students practice help-giving skills in a context where
domain knowledge is less of a factor since students are given the worked examples. Social
anxiety is lessened since students are interacting with an agent versus a peer. During these
interactions, we expect students to benefit by articulating their reasoning and responding to

agent questions.
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Figure 3: An example of the Teachable Agent interaction.

Each of the three platforms and face-to-face discussion represents a set of features that
may influence how a student collaborates. For example, a student who is motivated to provide
help because she wants to see her friends succeed may be more likely to contribute to a face-
to-face discussion or Modelbook activity and less likely to answer a stranger’s question on
Khan Academy. A student with math anxiety and fears of making a mistake in front of a
classmate may contribute less when interacting with a peer and may contribute more often
on Khan Academy or with the Teachable Agent. The platforms also varied by interaction
modality (speech versus text) and timing (synchronous and asynchronous). For this thesis,
we focus on student digital interactions. Table 2 summarizes the different characteristics of

the three platforms.
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Table 2: Different characteristics of the three platforms.

Platforms \ Modes of Instruction \ Participants \ Synchronicity \ Public vs Private
Modelbook Text, multiple-turn Peers/Friends | Synchronous Private
Khan Academy Text, single-turn Strangers Asynchronous | Public
Teachable Agent | Speech Agent Synchronous Private

3.2 Design-Based Research Cycles

Design-based research refers to a systematic methodology to improve educational prac-
tices through multiple cycles of analysis, design, and implementation [116]. We followed
the design-based research method to develop UbiCoS in three iterative cycles. This section
describes each of the three cycles, including student activities and refinement of each design-
based research study cycle. In the following sections, we also describe the study participants

and different measurements used as a part of the help-giving analysis.

3.2.1 Cycle 1: Ratios and proportions

The first cycle served as a baseline for the work. Throughout the week, students com-
pleted activities related to ratios and proportions. For example, students worked face-to-face
in teams to find the perfect ratio of red and blue paint to make purple paint and documented
their work on whiteboards. They then posted photos of their whiteboards and engaged in
Gallery discussions on ModelBook. Students also used the Chat feature on ModelBook to
have a whole-class online conversation. Whole class face-to-face board meetings often fol-
lowed these digital discussions. Students also used a tool in ModelBook called Paint Splash
Phet (https://phet.colorado.edu) to model their understanding. On the fourth day, students
applied their knowledge of ratios and proportions to model a moving car’s speed. Using small
electric cars, students measured how much distance the car covered over a set period of time.
Students recorded their data on whiteboards and submitted photos to another Gallery on

ModelBook. Three out of the five days, students were assigned to watch videos on Khan
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Academy and participate in the online discussion as homework. The teacher revisited the
Khan Academy homework during class the next day and gave students time to complete
the homework if needed. Throughout the five days, the teacher emphasized “Talk Moves”
that students should use to participate in the discussion to make constructive posts, such as
disagreeing with another student’s post and explaining why. Table 3 provides some examples

of the Talk Moves used in the class:

Table 3: Example of Talk Moves.

Category ‘ Sentence Starters

I agree and why? I agree with your answer, because ...

I disagree and why? That’s a good point, but ...

Add on I think you are right, but I also think ...
Ask a question What made you think ...7

Ask a clarifying question What do you mean by ...7

To summarize, the first cycle included two ModelBook Gallery Discussions, one Model-
Book Chat, and three Khan Academy posts. The first cycle did not include activities with

the teachable agent.

3.2.2 Cycle 2: Volume and surface area

This cycle aimed to implement changes based on Cycle 1 to improve learning gains,
improve interaction quality, and further explore differential participation patterns across the

different platforms. Based on our results from Cycle 1, we made the following changes:

1. Minimized contextual shifts. We designed the curriculum to minimize the number
of contextual shifts (e.g., moving from face-to-face to digital discussion), helping with
coordination and maximizing instructional time.

2. Increased Khan Academy activities. To give students more opportunities to engage
on Khan Academy, we asked students to create two posts per video. We also added a

Khan Academy portal within ModelBook where students could log their posts.
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3. Revised ModelBook Discussion. Instead of having students engage in several differ-
ent discussions during the Gallery Chat, we put them in a single discussion group and
had them discuss a few images with a set group of students. We believed this would
prompt higher-quality conversation during the digital discussion.

4. Implemented badges. We implemented badges as a part of positive feedback to prompt
higher-quality conversation. We began awarding badges when the system detected high-
quality posts in the ModelBook and Khan Academy contexts. There were a total of
8 badges facilitating students’ help-giving: Explanation, Question, Relevance (domain-
related posts), Feedback, Suggestion, Reflection, Co-Construction (building on someone
else’s idea), and Social. For example, if a student said, “How do you find the volume
of a hemisphere again?” they would be given a “good question” badge. The badges
acknowledged many types of contributions. For example, if a student was not sure
how to answer a question but posted “good job” or “nice work” in an attempt to be
encouraging and keep the conversation moving, they would receive the “Social” badge.
Badges were awarded based on simple keyword matching.

5. Introduced the Teachable Agent. To provide students with an additional opportu-
nity to practice and develop help-giving skills, we added tutoring a teachable agent to

the curriculum.

In Cycle 2, the curriculum covered calculating volume and surface area. Following a
similar pattern to Cycle 1, students engaged in a variety of online and offline activities. On
the first day, students worked with the Teachable Agent to solve six problems on ratios, in an
attempt to connect Cycle 2 material to Cycle 1 and give students practice with help-giving.
Over the course of the week, students took measurements of cones, spheres, and cylinders and
had multiple discussions (face-to-face and digital) comparing the different shapes’ volumes.
At the end of the week, the embodied activity asked students to calculate how many cone
and spherical-shaped cups of punch could be served from a hemisphere-shaped punch bowl.
Throughout the week, students were asked to watch videos and participate in discussions
on Khan Academy. Through the collaboration activities, the teacher encouraged students
to participate in productive discussions using guidelines based on a refined set of “Talk

Moves” that incorporated our coding scheme and the badges we had designed. In this cycle,
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we had two ModelBook Gallery Discussions, two ModelBook Chats, four Khan Academy

assignments (two posts per assignment), and one interaction with the Teachable Agent.

3.2.3 Cycle 3: Functions

This curriculum focused on functions, and we continued to examine how refinements to
the activities and technology affected student behaviors. After Cycle 2, we believed we had
a curriculum strategy that fostered learning, but there was room for improvement in student

interaction. Based on the previous results, we made the following changes:

1. Better distribution of classwork and homework. Previous cycles included in-class
ModelBook discussions and the Khan Academy posts as homework. In Cycle 3, we
had three Khan Academy assignments (two homework, one in class) and three Gallery
discussions (one homework, two in class).

2. Improved instructions and in-class explanations for using the tools. We looked
at the problems that students had with the interface in Cycle 2 and added instructions
within the interface to benefit students. We also worked with the co-designer teacher to
create prompts for improved engagement during class time.

3. Improved badge salience, automated badge assignment, and integration. A
major refinement in Cycle 3 was changing the visual characteristics of the badges and
adding text that connects with the “Talk Moves” discussed with students in earlier cycles.
We made the badges more visible, adding the ability to hover over the badge and see
information about its meaning and how to earn it. We also improved the algorithm to

increase the accuracy of badge assignments.

In Cycle 3, students continued to work in their face-to-face groups and have digital dis-
cussions using ModelBook. Students began with the embodied activity on the first day,
measuring the diameter and circumference of various circles and representing their data on
a graph. They used this data throughout the week in discussions about linear functions
and eventually discovered that the slope of their lines was equal to pi. Students worked
with the teachable agent on the same concept and prepared for this experience by reviewing

the problems they would teach the agent for homework the night before. Other homework
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assignments included Khan Academy participation and participation in a Gallery discus-
sion. We removed the Chat to allow more time for the Gallery Discussion and to better
balance activities between classwork and homework. In Cycle 3, we had three ModelBook
gallery discussions, three Khan Academy assignments (two posts per assignment), and one

interaction with the Teachable Agent.

3.2.4 Method

The three cycles of the design-based research were conducted at least a month apart,
following a similar procedure for all the cycles. Each cycle was designed as a five-day design
study as part of regular classroom practice with students completing pre- and post-domain
and motivational assessments before and after the study, respectively. The studies were
designed to explore how student interactions differed between the three platforms regarding

quality and quantity.

3.2.4.1 Participants

The participants of the study came from a middle school in the southwestern United
States with a minority enrollment of 47%. The three cycles took place in an 8th-grade math
classroom with the same group of students (N=28) and were part of the regular curriculum
and done in collaboration with the teacher.

Participants Details for RQ1-RQ3: In the first cycle, we received parental permis-
sion for 20 students and thus excluded the other 8 from the analysis for research questions
RQI1-RQS5. Student ages ranged from 12-14; 11 males, 8 females, and 1 student selected
“Other” on the question. Of the 20 students who consented to participate in the first iter-
ation, only 16 students participated in all elements of the study: two students incorrectly
filled out the motivation questionnaire (i.e., selected multiple items), one student was absent
for the pre-survey, and one student did not post on Khan Academy. Thus, the final data
analysis was done with 16 students.

Participants Details for RQ4: The number of students who were present and con-

sented to participate differed from one cycle to another, with 20 in Cycle 1, 26 in Cycle 2,
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and 24 in Cycle 3. Out of the 26 total participants, 15 were male, 9 were female, 1 “Other”
and 1 did not report. Participants self-reported ethnicity was as follows: Hispanic (n=8),
White (n=8), African American (n=1), Native American (n=2), Other (n=>5), and Unknown
(n=2).

3.2.4.2 Procedure

In addition to introducing the CSCL environments to the classroom, we also introduced
Modeling Pedagogy. Based on conversations with the classroom teacher, students were not
regularly exposed to interactive or technology-mediated activities in their mathematics cur-
riculum, and her typical teaching style was more didactic. Thus, in addition to introducing
new technologies, we were introducing a new culture to the classroom. Each cycle followed

a similar pattern:

1. Curriculum covered five days of instruction (Monday-Friday), approximately one hour
per day,

2. A domain pretest, motivation survey, and demographics survey were administered the
Friday before we came to the classroom, and

3. A domain posttest and motivation survey were administered the Monday after we com-

pleted the curriculum.

During the five days of instruction, classes were taught by the co-designer teacher with the
classroom teacher present and largely responsible for classroom management.

The classroom was arranged so that students sat in small groups, and each student
was given their own computer. Students were assigned new small groups with each cycle.
In addition to the major platforms described above, students engaged in multiple types
of activities and interactions, such as: including whole-class discussion, receiving direct
instruction from the facilitator, working in small groups of two or three, and individual
work within ModelBook. In other words, students transitioned from face-to-face discussions
to technology-mediated discussions, answering questions on Khan Academy, and practicing

explaining their reasoning with the teachable agent.
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3.2.4.3 Measures

Domain Assessment. The pretest and posttest consisted of two isomorphic forms
designed to assess students’ ability to solve proportional and ratio problems and relevant
proportional definitions. Assessments were created in a collaborative process between the
classroom teacher, co-designer teacher, and researchers to align the assessments with the
content and state standards. In Cycle 1, each test form included 12 items, with eleven items
assessing students’ mastery of the domain concepts and one item asking students to provide
an explanation. Forms were counterbalanced across participants (i.e., half the participants
received form A for the pretest and B for the posttest, and half received form B for the
pretest and A for the posttest). After giving the tests in the study, we noticed that a multi-
part question (consisting of 3 items) on Form B was unclear to students and resulted in a
disproportionate number of incorrect responses. We excluded that question from the test
analysis and the corresponding question on Form A. Thus, a total of 8 items were summed
to assess student domain learning, with 1 item used to assess student explanatory skill.
Similarly, Cycle 2 consisted of 7 questions, and Cycle 3 consisted of 8 questions.

Motivation Pre-Measure. In Cycle 1, we surveyed students about their attitudes
towards math and mathematical self-efficacy. The instrument consisted of 22 five-level Likert-
type items. Value and enjoyment of mathematics were assessed using a portion of the
Attitudes Towards Math Scale [104], modified by reversing some items to balance positive
and negative statements. To examine students’ mathematics self-efficacy, we adapted items
from the Motivated Strategies for Learning Questionnaire (MSLQ) [89, 39]. The MSLQ scale
is generic, so we modified the items to be specific to mathematics. An example item is, “I
believe I will receive an excellent grade in math class.”

In Cycle 2 and Cycle 3, we asked different motivational questions. However, we did not
use those in any analysis. Hence the description of those items is left out of this thesis.

Motivation Post-Measure. In Cycle 1, the post-intervention motivation scale con-
sisted of 15 questions based on Expectancy-Value Theory, with 5 equivalent questions for
each platform (ModelBook, Khan Academy, and face-to-face interaction). We wanted to as-

sess whether students’ perceptions of the tasks differed between platforms and varied based
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on their experiences during the intervention. The scale was modified from [13] to reflect stu-
dents’ motivation towards help-giving in math. Two example items are: “I'm certain I can
make others understand the most difficult material presented in the question” (expectancy)
and, “I enjoy helping others with their math questions” (value). For Cycle 2 and Cycle 3, 5

additional statements were added as the Teachable Agent was introduced in these two cycles.

3.3 Investigating Students Help-Giving Quality and Influence of Individual
Differences on Student Help-Giving

This section addresses the research questions RQIa to RQI1d. While RQIa to RQIc
describes an initial analysis focusing on the investigation of students help-giving behavior in
two platforms from a single cycle (Cycle 1), RQ1d considers all three cycles and compares
students help-giving participation across the three platforms. Another distinction is while
assessing the quality of help-giving in RQ)1d, we included both high-level help and transac-
tivity, thus giving us better insights into students’ help-giving behavior across the cycles.

We describe the results for each research question in the following subsections:

3.3.1 Investigation of RQ1a-RQ1c:

The first research question is RQI1a: How do individual students’ help-giving interactions
vary across Modelbook and Khan Academy? As students collaborate, their motivation in
help-giving can affect their participation during collaboration. Thus our second research
question is: RQ1b: How does student help-giving behavior across different platforms predict
learning and motivation? Here, we explore motivation in the context of expectancy-value
theory [122]. Both expectancy (whether an individual expects to be able to perform a
task) and value are essential motivational factors that might help us to understand student
help-giving behaviors and design ACLS systems for multiple platforms. In addition to the
influence of different learning environments, students’ collaborative help-giving behaviors

can also be influenced by their motivations. We considered both student attitudes towards
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mathematics (ATM) and self-efficacy (SE) as motivational factors, as both ATM and self-
efficacy play an important role in how students learn mathematics. To support a student
with a cross-platform ACLS, we need to explore how these individual motivational differ-
ences influence student interaction across different educational platforms. Our third research
question is: RQ1c: How do individual differences (motivation and prior domain knowledge)
predict student help-giving behavior across multiple platforms?

We aimed for an initial analysis using the digital interaction data obtained from the
first cycle. We believe this gave us an opportunity to understand students’ collaborative
interactions in a middle school mathematics classroom where students have different col-
laborators and use different learning environments that influenced our design decisions for
future cycles. In this cycle, students collaborated on two platforms: Modelbook and Khan
Academy. Modelbook allows synchronous communication through different tools to promote
collaboration, mainly in the form of discussion and text-based chat. On the other hand, at
Khan Academy, students participate in a collaborative activity by answering questions. We

investigate our research questions within the context of these two platforms.

3.3.1.1 Help-Giving Data Coding

We coded the digital interaction data using a coding scheme based on [121] with the

following dimensions:

1. Level of Relevance to the content (LOR): LOR was coded using three categories:
e (eneral: information on the content but not enough to call it an explanation; e.g.,
“I agree because my board also was not an exact pattern.”
e Specific: information specific to the content; e.g., “I think the unit rate is not 2/3
but it is 2:3.”
e Offtopic: irrelevant to the domain content.
2. Level of Elaboration (LOE): LOE coded for on-topic (general & specific) utterances has
two categories:
e Non-Elaborated: answer without example or explanation; e.g., “I agree our car also

did not go in a straight line.”
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e FElaborated: answer with example, proper explanation with reasoning and justifica-
tion; e.g., “if we have 2 cups+3 cups that would = five but we need 20 cups”.
3. Social factors (S): Finally, we classified an utterance as social if it had at least one of the
following four factors:
e praise: e.g., “the graph is good”
e apologetic: e.g., “No offense but this makes no sense to me, sorry.”
e polite: e.g.,“Thank you”

e encouragement: e.g., “Just do your best”

A second rater independently coded 17% of the dialogues with LOE (kappa=.805), LOR

(kappa=.954), and Social (kappa=1.0). Disagreements were resolved through discussion.

3.3.1.2 Results of RQ1a-RQ1c

For the analysis, we computed the total numbers of each code dimension and student-
level percentages with respect to the total utterances for each dimension. Table 4 shows the

means and standard deviations for N=16 for Modelbook (MB) and Khan Academy (KA):

Table 4: M and SD for each coding category.

LOE LOR
Non-Elaborated Elaborated General Specific Offtopic
Platform M SD M SD M SD M SD M SD
MB 8.5 4.89 1.06 1.237 5.81 4.490 3.75 3.0 1.375 2.156
KA 2.438 1.364 0.81 1.223 0.25 0.683 3.0 1.155 0 0

RQ1la. How do individual students’ help-giving interactions vary across Mod-
elbook and Khan Academy?

Table 5 shows mean percentages and standard deviations of categories elaborated, spe-
cific, and social utterances for both Modelbook and Khan Academy with respect to the total
utterances for each dimension (i.e., LOE, LOR, and S).

To investigate differences in interaction between platforms, a repeated measures MANOVA
was conducted with percent elaborated, percent specific, and percent social as dependent

variables, and platform (Modelbook or Khan Academy) as an independent variable. The
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Table 5: M and SD for distinct types of utterances.

Modelbook Khan Academy
M SD M SD
Elaborated 10.7 12.5 22.9 34.2
Specific 44.0 26.7 92.7 20.2
Social 21.9 18.2 0 0

overall model was significant, F(3,13) = 32.136, p < .001. Univariate tests revealed that
while the percent elaborated was not significantly different between conditions [F'(1,15) =
2.480, p = .136], percent specific was [F'(1,15) = 45.226, p < .001], as was percent social
[F(1,15) = 23.122, p < .001]. It should be noted that interaction at Khan Academy followed
a fairly uniform pattern, with nearly all on-topic utterances being specific, and no utterances
being social.

As students gave both elaborated help and specific help in Modelbook and Khan Academy,
we computed correlations between elaborated help across both platforms and specific help
across both platforms. Elaborated help in Modelbook was not significantly correlated with
elaborated help in Khan Academy [r(16) = 0.433, p = 0.094]; and specific help in Model-
book was not significantly correlated with specific help in Khan Academy [r(16) = 0.261, p
= 0.328]. Interestingly, specific help in Modelbook was correlated with elaborated help in
Khan Academy [r(16) =.746, p = .001]. This analysis demonstrates that interaction was
generally different across the different platforms, but for each student, interaction on one
platform did not predict their interaction on another platform.

While behaviors were different across the platforms, perceptions of students’ interactions
in the platforms were not. A repeated measures MANOVA was conducted with each of
the motivational post-measures (self-efficacy, importance, interest, utility, and cost) as the
dependent variables and the platform (Modelbook or Khan Academy) as an independent
variable. The overall model was not significant [F'(5, 11) = 1.082, p = .422] and there were
no significant univariate effects. Table 6 summarizes the result.

RQ1b. How does student help-giving interaction across different platforms
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Table 6: M and SD for post-motivational measure on help-giving interaction.

Modelbook Khan Academy
M SD M SD
Self-efficacy 3.25 1.065 2.88 1.147
Importance 3.50 1.095 3.38 1.408
Interest 3.19 911 3.13 1.147
Utility 3.62 957 3.38 1.025
Cost 3.75 931 3.44 1.031

predict learning and motivation?

Table 7 shows the means and standard deviations of the pre-test and post-test scores.
We conducted a repeated-measures ANOVA and found that learning was not significantly
different from the pretest to the posttest. Despite the overall lack of learning gains, we still

look at predictors that may contribute to learning for individuals.

Table 7: M and SD for domain assessment and pre-motivational measures (Self-Efficacy,

Value, Enjoyment).

Measures Pretest Posttest Self- Value Enjoyment
Efficacy

M 4.563 4.687 2.742 3.312 2.617

SD 1.4127 1.4477 8773 7288 975

We did a stepwise multiple regression analysis with percent elaborated in both Modelbook
and Khan Academy, percent specific in both Modelbook and Khan Academy, percent social
in Modelbook, pre self-efficacy, attitude towards math score, and pre-test score as predictor
variables, with the post-test score as the dependent variable. The model that emerged from
the stepwise analysis contained only the percent elaborated in Modelbook (5 =0.584; p =
0.003) and pretest score ( =.488; p = 0.010) as significant predictors, together explaining
67% of the total variance (Adjusted R-square = 0.619; F'(2,13) = 13.181; p = 0.001). Thus,
the only behavioral variable that predicted post-test score was the level of elaborated help

in the Modelbook.
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RQlc. How do individual differences (motivation and prior domain knowl-
edge) predict student help-giving behavior across multiple platforms?

Table 7 shows the means and standard deviations of the pre-motivational measures: math
self-efficacy, value, and enjoyment. We conducted two multivariate regressions to determine
how motivation and prior knowledge predict student help-giving behaviors. The first analysis
was done for Modelbook behaviors. We used percent elaborated, percent specific, and social
as dependent variables with pre-test scores, average self-efficacy, and average attitude towards
math scores as predictors. No significant model emerged from it. Univariate tests also did
not show any significant results; F'(3, 10) = .471, p = .709, for pre-test score; F'(3, 10) =
1.046, p = .414 for average pre self-efficacy, and F'(3, 10) = 1.007, p = .430 for average
attitude towards math score. Multivariate analysis done for Khan Academy behaviors with
percent elaborated, percent specific as dependent variables with pre-test score, average self-
efficacy, and average attitude towards math score as predictors also demonstrated similar
results. Univariate tests didn’t show any significant results; F'(2, 11) = .618, p = .557, for
pre-test score; F'(2, 11) = .596, p = .568 for average pre self-efficacy, and F'(2, 11) = .286, p =
.756 for average attitude towards math score. Students’ motivation prior to the intervention

did not have an effect on their behaviors during the intervention.

3.3.1.3 Discussion

To design adaptive support for collaboration, student activity history in the collaboration
contexts and current engagement in collaborative activities are essential [87]. In this section,
we examined whether student interactions differed across different technological platforms,
how their interactions predicted learning and motivation, and how their interactions were
informed by their individual characteristics. We found that students displayed better help-
giving behavior in Khan Academy compared to Modelbook, but only help-giving behaviors
in Modelbook predicted student learning. Individual characteristics like prior knowledge and
math motivation did not predict how students gave help.

One interesting finding from this work was that while students gave more high-quality

help in Khan Academy than in Modelbook, only the elaborated help in Modelbook was
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predictive of student posttest scores (controlling for the pretest). The affordances of Khan
Academy (asynchronous communication with an external community) may have led students
to take more time to formulate their response [123], leading to more specific help and more
elaborated help. In contrast, Modelbook represented synchronous, informal communication
with peers, leading to overall less high-quality help but more social behaviors (which have
shown in other work to be beneficial for learning [80]). In Khan Academy, because of the
increased pressure of asynchronous public posts, students may have engaged in knowledge-
telling behaviors [93], where they gave help on concepts they had already mastered. This
may have led to less learning than their more off-the-cuff interactions in Modelbook, which
may have represented knowledge-building, where they construct their knowledge as they are
constructing their explanations. One implication of this finding for the design of adaptive
support is that it may be sufficient to encourage more elaborated help in Modelbook to
improve outcomes from help-giving. However, in Khan Academy, it may be necessary to
directly scaffold students in constructing the elaborated help so that they engage in reflective
knowledge-building behaviors.

Another critical element of our results is that while context dictated how students gave
help, individual differences did not. Students’ help-giving behavior was more elaborate and
specific in Khan Academy compared to their behavior in Modelbook, and for individual
students, these behaviors were not correlated with each other. This indicates that student
behavior in one platform does not inform how they will behave in another platform; rather,
the different platforms influence how students will help each other. Additional support for
this finding is provided by the fact that neither prior knowledge, math self-efficacy, nor
attitude towards math predicted how students gave help in either platform. This finding
implies that a model of student help-giving on one platform is unlikely to generalize to the
same student’s help-giving behaviors on a different platform, and context thus needs to be
part of any knowledge-tracing model of help-giving.

This study has a number of limitations. First, the sample size was small. Second, the
number of interactions was greater in Modelbook compared to Khan Academy due to the
design of the curriculum. To adapt to this limitation, we used student-level percentages to

compute the results rather than absolute counts of student interactions. Third, students
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did not learn as a whole from the pretest to the post-test, possibly because the intervention
time was too short or our assessment wasn’t sensitive enough to detect changes in student
knowledge.

Nevertheless, the present research has important implications for computer-supported
collaborative learning and ACLS. Students’ interactions in different platforms can be used
to design individualized support that facilitates productive communication across collabo-
rative learning environments. This goal will require a cross-platform student interaction
model, domain knowledge model, and motivation model for each student. An investigation
is required to understand how to make predictions about student behavior within a single
platform using this cross-platform interaction model, whether and how to encourage students
to participate in platforms they are less comfortable with, whether and how to encourage
students to transfer their skills from one platform to a different platform, and whether and
how the same student should be given different kinds of support on different platforms.

This section examined students’ help-giving behavior across Modelbook and Khan Academy.
The findings take a step towards establishing the need for understanding cross-platform col-
laborative behavior. We believe these results will ultimately enhance peer collaboration as

students move between platforms of interaction.

3.3.2 Investigation of RQ1d:

After completing all the design-based research cycles, we focused on the following research
question: RQ1d: How do the interaction quantity and quality differ across the three platforms
in the three cycles?. We believed this would help us understand whether we observed changes

in students’ help-giving interaction across the cycles.

3.3.2.1 Revised Help-Giving Data Coding

To measure the quality of students’ digital interaction data, we developed a coding
scheme and coded the digital interaction from the first cycle. The coding scheme coded
the student’s utterance for Level of Relevance, Level of Elaboration, and Social (Section

3.3.1.1). However, there were a couple of limitations: first, while coding, we considered
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each student’s utterance as the unit of analysis, but we did not consider the context of
the previous utterances. Second, we did not consider transactivity at that time of coding.
Third, the coding scheme was helpful in understanding whether a student’s utterance was
elaborated or not. However, it was not clear how the utterances contributed to facilitating
the digital discussion. Hence, to effectively assess students’ collaborative participation, we
revised our help-giving coding scheme to address: 1) the context of student utterance, 2)
whether students are building on others’ responses, and 3) the extent a student utterance
is facilitating the discussion. The final coding scheme is inspired by elaborated help [121]
and transactive reasoning [14]. It is an ordered coding scheme that could help understand
students’ participation across the different platforms.

For each cycle of the design-based research, we measured the quality of interactions
within ModelBook, Khan Academy, and Teachable Agent. The different levels of the coding

scheme are:

1. Minimal Participation: Does not facilitate further conversation. Examples include
off-topic comments, repeating statements from other learners, or agreeing or disagreeing
with a post without further explanation.

2. Facilitative Participation: Has the potential to further the conversation but does not
include an elaborated response. It includes comments that are related to the activity but
do not contain specific content, comments that provide an answer without explanation,
and social behaviors (e.g., “Thank you!”).

3. Constructive Participation: A statement involving reasoning building on a learner’s
previous comment or others’ comments. For example, answering a question with an ex-
planation, correcting others with an explanation, or asking a specific clarification ques-

tion.

‘Level of Elaboration’, and ‘Level of Relevance’ from the previous version were considered
a part of constructive participation, and the ‘Social’ was considered a part of facilitative
participation.

For ModelBook and Khan Academy, the unit of analysis was a student’s post. See Table
8 for examples drawn from the study data. For the Teachable Agent, we coded the highest
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Table 8: Examples of each of the levels of the revised help-giving coding scheme.

\ Modelbook \ Khan Academy
Minimal “I agree.” “I have no clue why.”
Participation “I don’t understand.” “I don’t know.”
Facilitative “I like the graph and the notes you | “yes you are correct because he was
Participation added” correct”
“It’s not 2/3 it’s 4/3” it’s usually 3.14 but sometimes it’s
3.1415”
Constructive In response to a graph drawn on a | In response to “What is a constant
Participation whiteboard. “i think that you did it | function?” “a constant function is
wrong because it starte’s [sic| constant | basically when its always producing
for the first 3 dots then it goes at a de- | the same number as the outcome for
creasing rate backwards” most of the time”

category achieved within a given problem (e.g., if a student had a single constructive utter-
ance, their code was constructive participation). To compute the reliability of codes, two
raters independently coded 40% of the ModelBook data, with Intra-Class Correlation Coef-
ficient (ICCs) of .91, .86, and .91 for Minimal, Facilitative, and Constructive participation
respectively. For Khan Academy, two raters coded 30% of the data, with ICCs of .79, .78,
and .84.

3.3.2.2 Results of RQ1d

Cycle 1- Ratios and proportions: Despite discussing ratios and proportions for the
week, a paired sample t-test showed no difference in pretest scores (M=6.4, SD=2.0) and
posttest scores (M=6.7, SD=1.9) (t(18)=0.88, p=0.39). After consulting with the teachers,
we hypothesized that this result may have occurred because the curriculum contained too
many elements. In the course of a week, students participated in small group discussions,
board meetings, several ModelBook activities (creating data tables and graphs, discussing
vocabulary, digital brainstorming), and a hands-on data-gathering exercise. Relatedly, in-
structional time was likely wasted transitioning between activities.

Examining the student interactions, we see that across the two Gallery discussions, each
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student engaged in an average of 4.23 posts per activity. In the Chat, each student made
an average of 2.58 posts. Across the three Khan Academy homework assignments, students
posted a mean of 1.07 posts per assignment. Overall, it seemed that students engaged in the
activities as prompted; in fact, 19/20 students participated in posting on Khan Academy,
and all 20 students posted in ModelBook. This suggests that the usability of the system was
sufficient to enable students to complete the assignments.

As shown in Table 9, the quality varied depending on the format of the interaction. In
the Chat, 51.0% of the posts fell into the minimal participation category, whereas for Khan
Academy, 72.3% of the posts represented constructive participation. This data suggests that
students are capable of providing constructive feedback but don’t do it consistently. It also
suggests that we have an opportunity to improve the design of the ModelBook discussions to
facilitate more meaningful participation. For example, in the Gallery Discussions, students
could view any group’s whiteboard photo and make a comment. This led students to com-
ment on many images (increasing the number of interactions), but also led to comments that
were often superficial (e.g., “I agree”), minimal (e.g., “i disagree cause I dont understand”)
or left some images with no comments at all. Even when comments were constructive, they
were often ignored because students were likely too busy flipping between photos to partici-
pate in a back-and-forth discussion. For Khan Academy, it seemed that students were more
likely to participate constructively as they were preparing a complete answer asynchronously

and posting it in a public environment.

Table 9: Student help-giving interaction in Cycle 1.

# Activi- | Avg Posts/ Ac- | Minimal Partic- | Facilitative Par- | Constructive
ties tivity ipation ticipation Participation
Gallery 2 4.23 (SD=2.53) | 28.4% 58.6% 13.0%
Discussion
Chat 1 2.58 (SD=2.01) | 51.0% 28.6% 20.4%
Khan 3 1.07 (SD=0.36) | 3.08% 24.6% 72.3%
Academy

We were also interested in seeing if student participation varied between contexts. Did

students participate equally across activities, or were they more likely to engage
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with one context over another? To address this question, we categorized students
as high contributors for a given context if they participated more than average and low
contributors if they participated less than average. Looking at the Gallery Discussions
versus Khan Academy, we see that 25% of students (n=5) were high contributors in both
activities, 30% (n=6) were low contributors in both activities, and 25% (n=>5) of students
were high contributors to the Gallery but low contributors to Khan Academy, and 20% (n=4)
of students were low contributors to the Gallery but high contributors to Khan Academy. A
similar pattern is seen comparing the Gallery and Chat. These results suggest that context
does matter and that by creating multiple contexts, we enable more students to practice and
engage in help-giving behavior.

Cycle 2- Volume and surface area: In Cycle 2, students showed significant learning
gains from pretest (M=3.8, SD=1.5) to posttest (M=5.2, SD=2.2) (t(23)=2.51, p=.019).
Examining the student interactions, we see that students engaged in a mean of 2.96 posts
per discussion across the two Gallery Discussions. In the two Chats, students engaged in
a mean of 2.09 posts per activity. In Khan Academy, students engaged in a mean of 0.80
posts per assignment. We should note that some students posted directly on Khan Academy
while others wrote posts within the Khan Academy portal in ModelBook (but did not post
on Khan Academy); we count both types of posts here. Compared to Cycle 1, the amount
of interaction declined in ModelBook, perhaps because we made changes to the interface
for digital discussions, and there was some confusion over how to use the new interface. In
addition, even though the amount of participation in Khan Academy seems similar to Cycle 1,
these numbers reflect a decline since we asked students to post twice per assignment in Cycle
2 versus once per assignment in Cycle 1. In fact, there was a steady decline in participation
across the four days of Khan Academy (Day 1: 16 students, Day 2: 12 students, Day 3:
10 students, Day 4: 8 students), and only 18 out of 26 students participated at all in the
activity. For the Teachable Agent, students completed roughly five out of the six problems.
For this activity, moving through the problems faster may mean that students understood
the domain better rather than being more motivated or engaged with the activity.

With respect to interaction quality, we also see a decline in Cycle 2 compared to Cycle 1

with respect to ModelBook (See Table 10). Note that there was one Chat activity where only
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Table 10: Student help-giving interaction in Cycle 2. Note: 5% of the Teachable Agent data

was lost due to logging errors

# Activi- | Avg Posts/ Ac- | Minimal Partic- | Facilitative Par- | Constructive
ties tivity ipation ticipation Participation
Gallery Dis- | 2 2.96 (SD=3.19) | 33.9% 64.2% 1.8%
cussion
Chat 2 2.09 (SD=1.89) | 59.1% 24.0% 16.9%
Khan 4 0.80 (SD=0.80) | 7.23% 25.3% 67.5%
Academy
Teachable 1 5.0 (SD=1.1) 21% 34% 40%
Agent

13 students participated, and there was a lot of off-topic conversation, driving the percentage
of minimal participation up. Even without that activity, participation quality was quite low.
We had thought badges might improve the quality of participation, and in fact, students
received a mean of 2.1 badges (SD=1.2), with 22 out of 26 students receiving at least one
badge. However, follow-up interviews revealed that while students liked the badges, they did
not remember or understand why they received them. It is possible that confusion existed
because the keyword matching used to award badges was not very accurate, and the badges
were not prominently featured in the interface. The percentage of constructive participation
in the Teachable Agent context appears higher than in ModelBook. It is possible that some
students found it easier to participate constructively in that environment, which could be
considered a safer space for interaction.

We continued to observe the same patterns with respect to student differentiation across
contexts. When comparing Khan Academy to the ModelBook Gallery, 23.1% (n=6) of
students interacted above average in both contexts; 46.1% (n=12) had low interactions in
both, and 30.8% (n==8) showed a difference in interaction quantity between contexts (high
in one and low in the other).

Cycle 3- Functions: As in Cycle 2, students showed significant learning gains from
pretest (M=7.1, SD=2.8) to posttest (M=8.2, SD=3.0) (t(22)=2.45, p=.023). Across the

three ModelBook Gallery activities, students posted a mean of 3.75 times per activity. For
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Khan Academy, there were three activities (two posting opportunities per activity), and
students averaged 1.33 posts per activity (considering both posts made directly to Khan
Academy and posts made within the ModelBook portal). In the Teachable Agent, students
solved roughly four of the six problems. In terms of the quality of interaction on Model-
Book, we saw an improvement, with 34.4% of posts representing constructive participation.
In terms of quality of interaction at Khan Academy, 73.4% of students had constructive
participation (which remained fairly consistent throughout the cycles), and 28.6% of the
teachable agent solutions contained constructive participation. Students received a mean of

1.96 badges (SD = 1.52).

Table 11: Student help-giving interaction in Cycle 3. Note: 1% of the Teachable Agent data

was lost due to logging errors.

# Activi- | Avg Posts/ Ac- | Minimal Partic- | Facilitative Par- | Constructive Par-
ties tivity ipation ticipation ticipation

Gallery Dis- | 3 3.75 (SD=2.57) | 22.2% 43.3% 34.3%

cussion

Khan 3 1.33 (SD=0.97) | 1.6% 25.0% 73.4%

Academy

Teachable 1 4.38 (SD=1.86) | 49.5% 21.0% 28.6%

Agent

Thus, while Khan Academy quality remained fairly constant, ModelBook participation
quality improved, perhaps as a result of our improvements to the badging system in Cycle
3. See Table 11. Finally, we continued to observe the same patterns with respect to student
differentiation across contexts. When comparing Khan Academy to the ModelBook Gallery,
20.1% (n=>b) of students interacted above average in both contexts; 33.3% (n=8) had low
interactions in both, and 45.9% (n=11) showed a difference in interaction quantity between
contexts (high in one and low in the other), again confirming the importance of providing

multiple contexts for interaction.
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3.3.2.3 Discussion

Our goal was to design a system that integrates technology and curriculum to support
help-giving across different contexts and to understand how that system should be imple-
mented to best serve middle school mathematics students. In each of our three cycles, we
refined the classroom activities, technology features, and thus, students’ interactions in the
classroom and with the technology. While our DBR methodology does not allow us to make
causal claims about the relationship between the refinements and the changes we observed,
the results across the multiple cycles provide insights into how to design such systems.
First, in order to have sufficient instruction time to observe learning gains within each cycle,
we needed to minimize the number of transitions between activities. In Cycle 1, students
switched between contexts multiple times per day. This coordination time took away from
instruction time and likely contributed to the lack of significant pre- to posttest learning
gains in Cycle 1. When we restructured the curriculum to focus on a smaller number of
contexts each day, we saw learning gains improve.

Another goal of UbiCoS is to increase the quantity and quality of interactions across
contexts. Overall, the number of interactions within each context remained fairly stable
across the three cycles. This remained flat even when we specifically asked students to
increase their number of posts. In Cycle 1, students were asked to make one post for each
Khan Academy assignment; in Cycles 2 and 3, students were asked to make two posts
per assignment. This suggests that students were only willing to make a certain number
of posts, regardless of the assigned amount. With respect to increasing interaction quality
across cycles, we see mixed results. For the Gallery Discussion, the percentage of constructive
participation posts nearly doubled in Cycle 3, whereas the quality of Khan Academy posts
remained relatively stable, albeit fairly high throughout. This suggests that while badges
or embedded gallery instruction may have had an influence on increasing the quality of
discussion in ModelBook, giving students more time (as in the asynchronous Khan Academy
environment) or other task characteristics may be more important.

Finally, one of the most consistent and promising findings from our three cycles was that

incorporating multiple contexts enabled more students to become high participators in the
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conversation. Some students participated at a higher rate than average on the Chat but lower
than average on Khan Academy, and vice versa. This suggests that by including multiple
contexts, we are serving different populations. Also, the Teachable Agent provided another
avenue for practicing help-giving behavior. In an interview with the classroom teacher at
the completion of the study, she said that providing multiple contexts for help-giving and
conversation “gives voice to those who do not talk.” From her perspective, the greatest
benefit of UbiCoS was that it allowed for differentiated instruction and opportunities for a

broad range of students to get involved.

3.4 Conclusion

In this chapter, we have described UbiCoS which includes multiple platforms for col-
laboration, and described the major refinements of each cycle in terms of technology and
pedagogical decisions in order to improve students’ help-giving participation. We developed
a coding scheme to measure the quality of students help-giving and compared students help-
giving participation across the different platforms. The results indicate that the platform
is a much better predictor of whether and how the students give help than their individual
characteristics alone. The results also indicated that certain motivational factors, such as
math self-efficacy and attitude towards math, do not influence students’ help-giving interac-
tion. Hence, this encouraged us to explore further to identify factors that might contribute

to students’ help-giving interaction across the platforms.
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4.0 Modeling Students’ Help-Giving Behavior

In this chapter, we focus on modeling students’ help-giving behavior. To build an ef-
fective ACLS, it is crucial to have a system that models student collaborative behavior and
suggests personalized intervention according to that. The overarching research question for
this chapter is RQ2: How can we design an explanatory model using student motivation and
conteztual factors together and explaining students’ collaborative behavior? While predictive
models can provide valuable insights into future outcomes, explanatory models offer a deeper
understanding of the reasons behind those outcomes. By combining student motivation and
contextual factors in our model, we aim to uncover the complex interplay between these
factors and shed light on the dynamics of collaborative behavior.

Out of the four sub-research questions for RQ2 (see Table 1 in Introduction), we delve
into the first two sub-research questions that contribute to the overarching goal of designing
an explanatory model for students help-giving behavior within the context of our ACLS.
The first sub-research question is 2a: Which factors motivate or inhibit students help-giving
behavior on different platforms? We conducted a semi-structured interview (n=16) to an-
swer this question. Through this interview, we aimed to explore and identify the specific
factors influencing students’ willingness to help their collaborators across different learning
platforms. This knowledge helped us develop targeted interventions and support strategies
to enhance collaborative participation.

Moving on to sub-research question 2b: How do we model students’ constructive par-
ticipation using individual and platform characteristics to explain their participation? Our
focus here is on leveraging the identified factors from the previous sub-question to construct
an explanatory model. This model considered both students’ individual characteristics and
the contextual factors associated with different learning platforms. UbiCoS consists of a
synchronous digital textbook (Modelbook), an asynchronous question-answer forum (Khan
Academy), and a synchronous agent (teachable agent) where students practice help-giving
behavior. By using the individual factors and the affordances of these platforms, we aim to

develop a model that explains students’ constructive participation in collaborative activities.
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This chapter will present the modeling methodology, analysis, and findings as we attempt
to construct an explanatory model that captures the nuances of student collaboration.

The chapter outline follows: Section 4.1 describes the different factors influencing stu-
dents’ help-giving behavior from a semi-structured interview. Section 4.2 describes the mod-
eling approach to develop an explanatory model. Section 4.3 uses the data obtained from the
design-based research study and builds a logistic regression model. We describe the results

in the same section. We conclude with Section 4.4.

4.1 Identifying factors Influencing Students’ Help-Giving Behavior

In order to model student help-giving behavior, we first focus on the question: 2a: Which
factors motivate or inhibit students’ help-giving behavior in different platforms? We believe
this question will help us identify the factors influencing the students’ help-giving partici-
pation in the different platforms. We used the Expectancy-Value theory (EVT) framework
[122] to elicit students’ help-giving experience during the various collaborative activities.
While EVT is widely used to explain and predict students’ learning performance, very few
studies have examined how this theory can be used to extract factors that contribute to

students’ collaborative behavior, i.e., help-giving on different platforms.

4.1.1 Method

After the third cycle of the design-based research study (described in the previous chap-
ter), we conducted semi-structured interviews with a subset of those middle school students
to understand the motivations behind students’ help-giving behaviors across platforms. We

wanted an even distribution of students from both the face-to-face and the digital groups.

4.1.1.1 Participants

We conducted a semi-structured interview with 16 students (Female=7, Male=8, pre-

ferred not to say=1). The participants came from a middle school in the Southwestern
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United States. Participants reported their race and ethnicity as follows: Hispanic/Latino(6),
White(3), Native American (1), Mexican American (1), Jewish (1), Black/African American
(1), do not know (1), missing (2).

4.1.1.2 Procedure

We used the Expectancy-Value Theory framework (E'VT) [122] to explore what motivates
student help-giving across different platforms. Interviews were centered around a 5 item
expectancy-value theorem questionnaire adapted from [13]. The items asked about each
platform (i.e., Modelbook, Khan Academy, and teachable agent), e.g., “I’'m certain I can
help others understand difficult ideas talking on Modelbook”. To aid students in answering the
questions, we showed them examples of their collaborative activities from the given platform.
We asked them to describe what they did to get more detailed explanations. Interviews were

conducted individually, done by two researchers, and were audio and video-recorded.

4.1.2 Analysis

Interviews were transcribed and coded by two coders following a general inductive and
qualitative approach [107]. We first followed an iterative independent parallel coding pro-
cess, in which two coders assigned codes to the data without first consulting or creating
a codebook. In the following round, a third coder compared and merged the first set of
codes to create a first-pass codebook, maintained in Microsoft Excel and ATLAS.ti. From
there, two of the three coders iteratively refined the codes by first coding small percentages
of the data, two randomly chosen interview transcripts, independently in ATLAS.ti then
coding collaboratively to resolve discrepancies. When the codebook was finalized, the data
was divided in half and coded by each coder individually. Finally, both coders reviewed
each other’s codes. Given the high amount of collaborative coding, we considered our codes
sufficient through a process of establishing agreement, where two (or more) coders reconcile

discrepancies through discussion [19].
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4.1.3 Interview Results

The interviews provided insight into how students perceived each platform in terms of
help-giving and what factors have influenced each platform’s help-giving behaviors. We
classified the codes broadly into 8 categories. Each code is described using one or more
representative excerpts from the interview data, demonstrating that the students’ data sup-
ported each one. A summary of the codes with quotes from the interview is given in Table
12.

Help-Giving Values: This code indicates whether students stated that they find help-
giving either important or unimportant, e.g., “It does matter to help. I do think that it’s
important to be able to help each other”-(18). While most of the students stated they found
help-giving important, some students preferred expert help rather than helping others by
themselves, e.g., “I mean, giving help is good. But in math, I'd rather have a professional
help someone else than me”-(14). Also, how students value help-giving differed depending
on the platforms, too, e.g., regarding giving help to the teachable agent, I5 said “Because
it’s a robot thing. I would rather teach it to someone far away and help them understand it.”
This demonstrates that the platform where students are expected to give help may influence
students’” help-giving participation. Students who are embarrassed to talk face-to-face may
value giving help in an online environment. Students’ value of giving help to others will
influence how they will participate in a collaborative environment.

Internal Benefits of Help-giving Students explained the personal benefits of giving
help to others. The observed benefits mentioned by the students were sub-categorized into

the following:

e Emotional Benefit: e.g., “and then just giving help to another person, I mean I guess
makes my day a little better because you know, spread the kindness”-(116)

e FEnjoyment Benefit: e.g., “because I really enjoy helping people a lot. I love the way it
makes me feel because I just like helping people in general”-(110)

e Learning Benefit: e.g., “(Cobi) Helped me by thinking like mutual ways of getting the
answer”-(112)

e Social Benefit: e.g., “it’s good to help them on what they didn’t know. Then, people will
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be like, ”Oh, well, this person helped me with the question that I didn’t know.”-(I7)

However, a few negative remarks were also revealed depending on the platforms, e.g., “Be-
cause it’s a robot, ... I feel like it’d have been more enjoyable if you’re talking to a peer or
online” (113).

Help-Giving Self-Concept. Students evaluated their own ability to give help pos-
itively or negatively to explore students’ perceptions about their own help-giving skills.
Students who reported positively were confident about their help-giving to others, e.g., “like
most problems I could kind of figure out and then I can explain it to him in a way that he
would get the answer”-(13). In contrast, some students exhibited negative attributes related
to their help-giving skills such as “I'm not very good at explaining things to other people, in
math”-(14), which in turn could possibly inhibit their participation, i.e., “Most of the time
people just don’t believe me, or I just get it wrong, so..”-(14). This suggests that students
with lower help-giving self-concept are less likely to give help because they cannot effectively
convey their ideas or explain the solution process to others.

Math Self-Concept. Students evaluated their own math ability positively (e.g., “I'm
very good at math and I feel like it didn’t really take a lot of time for me to explain to other
people about the questions they were asking”-(110)) or negatively. Negative evaluation may
include fear of being wrong or fear of criticism, e.g., “when I'm showing them how to do the
problem I feel like I might get it wrong.”-(115). This indicates that students with lower math
self-concept may feel reluctant to attempt a solution to a problem for fear of failure.

Domain Knowledge Requirement. Students explicitly say that they require domain
knowledge to give good help, e.g., “It’s important to like understand the problem to make
sure that you’re doing it right and getting the right answer.”-(113). While domain knowledge
is linked to online participation [21], we observe that students connected domain knowledge
with collaboration as well, i.e., if a student feels they have sufficient domain knowledge, they
are more comfortable helping others. This code is different from math self-concept because
even if a student believes that they require domain knowledge to give help, their negative
math self-concept might inhibit their help-giving participation.

Conscientiousness. Students mentioned participating in a given collaborative activity

as a part of the instruction. It is one of the Big Five personality traits [74] and reflects the
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tendency to be responsible and goal-oriented. For example, students who demonstrated pos-
itive conscientiousness said “On Modelbook, the teacher, she asked us and nobody answered,
but I tried to. I tried to think about it.”-(16).

Social Factors. These codes describe the different social factors influencing students’

participation:

e Familiarity: preferential help-giving to familiar people, getting nervous working with
less familiar peers, e.g., “I mostly asked questions, and if there was someone that I knew
that was on Khan Academy, I would just help them instead of help someone I didn’t
know.”-(15)

e Group Dynamics: group composition effecting student help-giving during face-to-face,
e.g., “the only person in my group I most likely had a connection with was Tiger. Because
she would always help me through the problems, while Sheep would just be sitting there,
and talking to his friends.”-(14).

Modes of Social Interaction. These codes describe student approaches to participa-
tion, e.g., showing empathy, seeking support, and leadership. For example, some students
mentioned help-giving is important because “.I don’t want them to get confused and I want
them to understand what did they good or what they need to work on”-(13) (showing empa-
thy). Students who prefer familiarity felt the need to show empathy to their peers during
the online discussion.

Contextual Influences. This includes platform-specific feedback or a wide variety of
other factors that either suppressed or encouraged the students’ participation. Examples of
factors that suppressed students’ participation are answers present in the discussion thread,
off-topic comments in the Modelbook discussion, lack of response or stale posts in Khan
Academy, etc. One example that encouraged some students to participate is if their peers
asked a question and the students would reply to them. Modes of interaction (i.e., written
vs. verbal) also influenced students’ participation. For example, “I just feel it’s easier face-
to-face because you're able to see each other’s expressions, tell that they’re struggling, you’re
able to help them out.”-(19). The suppressing factors are among the most important factors

inhibiting the students’ help-giving participation across the different platforms.
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Table 12: Interview results: factors influencing student help-giving interaction.

Codes

Examples

Help-Giving Values

“it’s important for me because I don’t want them to get
confused and I want them to understand what they did good
or what they need to work on.”-13

Internal Benefits of Help-
Giving

“Because since I’'m helping them, it’s giving me more prac-
tice of what I’'m doing. So I'm constantly teaching myself
more and more when I'm helping them, whether it’s a dif-
ferent problem or not.”-18 (learning benefit)

Help-Giving Self-Concept

“.like most problems I could kind of figure out and then
I can explain it to him in a way that he would get the
answer.”-13

Math Self-Concept

“I’'m very good at math and I feel like it didn’t really take
a lot of time for me to explain to other people about the
questions they were asking”-110

Domain Knowledge Re-
quirement

“I think we need to know like, the math concept before help-
ing someone else with it, because if you don’t really know
the math concept I don’t think you’d be able to help anyone
else.”-15

Social Factors e.g., (famil-
iarity, group dynamics)

“I didn’t really know any of the two girls that, that were in
my group. So I wasn’t really like, I wasn’t as social as I
would be”-116(Familiarity)

Modes of Social Interac-
tion (e.g., showing empa-
thy, seeking support from
peers, and leadership)

“you also don’t want to tell them that they’re automatically
wrong. You just want to say what they can do better, what
they could improve on”-16 (Showing Empathy)

Contextual Information
(e.g., off-topic comments,
answer already present,
etc)

“I don’t think there really was much of a discussion on what
we talked about, because everyone was just saying really ...
some things were inappropriate, some things were just com-
pletely random-14"

Conscientiousness*

“On Modelbook the teacher, she asked us and nobody an-
swered, but I tried to. I tried to think about it”-16

* Added in the second pass of the interview coding.

Many of the factors identified are consistent with prior research in online learning, e.g.,
self-concept behaviors are related to student learning [23], knowledge about the domain
and familiarity with other participants are motivators to contribute in online discussions
[51]. However, this analysis highlighted the factors most critical in our particular setting
and how they might interact with each other. Our interviews also demonstrated that help-
giving behaviors are not consistent across environments and that contextual and motivational

factors vary depending on the platform.
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4.2 Developing a Computational Model for Constructive Participation

The research question we focus on in this section is: RQ2b: How do we model students’
constructive participation using indiwidual and platform characteristics to explain their par-
ticipation?. We focus on constructive participation as it is our coding scheme’s highest level
of help-giving. A model indicating whether a student will participate constructively will help
us design support to facilitate this behavior. In this section, we describe the assumptions,

the process, and the findings related to this research question.

4.2.1 Factors related to Help-Giving

After identifying the factors from the interview, we decided to select a subset of such fac-
tors that directly influenced students’ help-giving participation in different platforms. The
two self-concept behaviors indicate students’ confidence in math and help-giving, respec-
tively, which is likely to influence their constructive participation. For constructive partici-
pation, i.e., domain-related elaborated responses, students need to be confident about their
math and help-giving skills. Otherwise, their fear of judgment or fear of being wrong while
explaining may inhibit the students’ participation. The next factor we selected is familiarity.
In the case of familiarity, students’ preference to give help to people they are familiar with
influences help-giving participation as well. One of the students in the interviews said “I
don’t talk to people unless I don’t know them face to face.”-(I8). In our collaborative environ-
ment, students give help to their peers in Modelbook. In Khan Academy, the same students
give help to other geographically distributed learners they might not know. So, we believed
familiarity played a key role in students’ participation. Finally, the fourth and final factor
we selected is conscientiousness, defined as a personality trait [74] such that it reflects the
tendency to be responsible and goal-oriented. Hence, a student with low conscientiousness
may not participate even if the participation environment is in their favor. So, we selected
these four factors as individual characteristics: math self-concept, help-giving self-concept,

familiarity, and conscientiousness.
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4.2.2 Assumptions

We develop our computational model based on assumptions inspired by theory and knowl-
edge about the students’ platform. We used the four individual characteristics described
above in combination with a subset of platform properties, i.e., platform synchronicity and
public vs. private platform, platform task-type to describe a set of assumptions about stu-
dents’ help-giving participation. We defined the assumptions using constructive participation
(CP) and no participation (N P) because they play a critical role during help-giving. Our

assumptions are listed below:

1. Math Self-Concept Assumption: High math self-concept positively influences constructive
participation across all platforms. Conversely, individuals with low math self-concepts
tend to exhibit more constructive participation in the teachable agent platform, possibly
due to the reduced fear of judgment.

2. Help-Giving Self-Concept Assumption: High help-giving self-concept influences construc-
tive participation either in a synchronous or an asynchronous environment. On the other
hand, low help-giving self-concept influences participation in an asynchronous environ-
ment, possibly because students can take more time to formulate their responses.

3.  Familiarity Assumption: In a private learning environment with the student’s peers, a
preference for helping friends or familiar faces over unknown people may lead to increased
constructive participation and reduced no-participation. However, if a student has no
preference, other factors might influence their participation.

4. Conscientiousness Assumption: High conscientiousness encourages a lower number of no

participation as they are more responsible towards their assigned tasks;

The assumptions above gave us a sense of the individual-level and platform-level factors
that combine/interact to explain constructive participation and no participation in the dif-
ferent platforms in our collaborative learning environment. We then proceeded to assemble
these individual-platform interactions into a probabilistic, explanatory model for construc-
tive participation. Given both the goal of finding an explanatory model (i.e., not just a
predictive one) and the constraints of small sample size in this study, the development of the

computational model was decidedly more theory-driven and less data-driven. The main idea,
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however, was to treat each student participation opportunity as a noisy process in which the
likelihood of constructive participation depends on a set of individual- and platform-level
factors. This section first describes a model-development approach constrained both by
qualitative findings and small samples. Following the explanation of the modeling approach,

we describe the resulting model.

4.2.3 Modeling Approach

We proceed to develop the model in two stages. First, based on the qualitative find-
ings, we constrain the model to include only interaction terms of a particular kind. Second,
due to a shortage of data, we “fix” many of these relative magnitudes based on the expert
assumptions above and allow only the weighting of the terms to “Hoat”—to be estimated
empirically. Another way to say this is the model has a fair amount of expert understand-
ing baked into fixed parameters while retaining some parametric degrees of freedom to be
determined empirically. That said, the structure of the model is quite general. With the
availability of more data, it would be easy to unfix the expert-based parameters.

An overview of the model is presented pictorially in Figure 4, where the likelihood of
constructive participation is theorized to be affected by three combinations of individual-
and platform-level variables. We formalize this model below.

Let the individual-level variables — math self-concept (M,), help-giving self-concept
(H,), and preference for familiarity (F,) — be collected as @,

Qp = {Mp7 Hpa Fp}

In principle, there could be more of these individual-level factors. Platform-level vari-
ables, such as whether interactions are synchronous/asynchronous (o), public/private (m.),

or with human/agent (1.) are collected in the set T',:

Fe = {067 Te, 776}

We have used Roman letters for individual-level variables and Greek letters for platform-

level variables in addition to the subscripts p and e for added clarity.
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F1

Help-Giving Self- Sync vs. Async
Concept (H,) (o.)
| Math
‘ Familiarity (Fp) ‘ ‘ Self-Concept (Mp] |
F2, o : ) F3
Public vs. ‘ Human vs. Agent ‘
‘ Private (r,) ‘ me)

Constructive
Participation (CP)

L

logit P(X = CP | Qp,Te) = wo + w1 F1(Hy, 0c) + woFo(Fp, me) + w3F3(Mp, ne)

Figure 4: Constructive participation model visualization.

Finally, we combine these factors together in a probabilistic model. If we adopt a gener-
alized linear model formalism [27], we can include the main effects of person-level variables
and platform variables as well as interaction effects. With just three of each kind, this could
result in six main effects and fifteen bilinear interactions. The simplifying structure we im-
pose, which is inspired by the qualitative analysis, is to (a) formalize the model in three

interaction functions and (b) assert a structure for each of these. Specifically, we write

loglt P(X =CP | Qpa Fe) = W, + ’LUlFl(Hp, O'e) + UJQFQ(FP, 71'6) + ’LUgFg(Mp, 7]6). (1)

The equation indicates that the log-odds of observing the participation variable X to
be constructive (X = C'P) are dependent on a linear combination of three functions, each
of which combines exactly one person-level variable with one platform-level variable. The

model expressed in Equation 1 allows for all six main effects as well as three two-variable
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interaction terms. It specifically excludes twelve other two-way terms (e.g., a F o, term or
F,M, term) and any higher order terms. The weights w; remain undetermined. However,

each of the functions can be further unpacked. Working with F}, for example, we may write

Fi(H,, 0.) =ao+apHy + ayo. + ap, Hyoe. (2)

Equation 2 is a generic decomposition allowing for bilinear interactions with weights a;.
Analogous forms can be written out for F, and Fj. Expressed this way, however, it is not
particularly natural to postulate values for the weights, even with some expert knowledge.
Note that the person-level and platform-level variables here are all discrete, binary categories.
The next step in development is thus to recast this form of F; as a two-by-two table. The
values of the table are then filled in by hand. By this, we mean that we postulated simple
rules (half-integer sum-rules) to quantify the four values of the table.

This process may seem arbitrary, but the precedent for it is established in the work of
expert knowledge elicitation for uncertain outcomes. In this case, we treat ourselves as the
experts and use our findings from the qualitative analysis to assign values.

Consider Table 13. Fj is a function of help-giving self-concept H, and the synchronicity
o of the platform. These two binary-valued variables can combine in four ways. We start
out with the empty table (Table 13a) on the left. For each cell, we quantify the effect of
this variable combination on the log odds of constructive participation in half-integer values.

The result is the populated table (Table 13b) on the right.

Table 13: Process for expert judgment of variable interactions: the empty table is filled in

with half-integer values.

Fi 0. = Sync | 0. = Async Fi 0. = Sync | 0. = Async
H, = low ? ? H, = low 1 05
H, = high 7 7 H,=high | 05 ]
(a) Empty table before expert judgment. (b) Table with values filled in.

This process is explicitly asking for heuristic judgment. Based on the help-giving self-

concept assumption, for example, high H, learners are more likely to participate construc-
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tively and even more so in asynchronous environments where they have time to compose their
responses. Following this reasoning, the (H, high, 0. Async) cell of the table is populated
with 1 (a log-odds increase of 1 is equivalent to increasing the raw probability from, say,
0.5 to 0.73), while the (H, high, o, Sync) cell of the table is populated with 0.5 (equivalent
to an increase in probability from 0.5 to 0.62). (The negative values in the upper two cells
would reduce an initial probability of 0.5 to 0.27 and 0.38, respectively from left to right).
After this heuristic process is carried out, it is straightforward to convert the results back to

the standard form of Equation 2. For the values in Table 13b, the decomposition is:

Fy(H,,0.) = —0.5+ 1.5H, — 0.50,, (3)

where H, takes the values {0, 1} for {low,high} and o, takes the values {0, 1} for {sync,
async}. Note that as a consequence of the values chosen (“fixed”), help-giving self-concept
and synchronicity contribute main effects but not an interaction term to the computational
model. However, this did not have to be this way, as we shall show using F5.

To reiterate, the purpose of starting with a two-way table is that it is a more natural
way for the researcher to think about interaction effects relative to one another. That is, to
think in terms of individual hypothetical combinations. The functional form of Eq 4 can be
“learned” (or reverse engineered) by using a regression on data generated by the two-way
table (or by linear algebra). It would be awkward, even for an expert, to try to fill in the
weights a; in Eq. 2 directly.

F; is a function of familiarity preference F), in {yes, no} and the public/private charac-
teristics 7, of platforms. Our reasoning about the corresponding two-way table proceeded as
follows. Based on the familiarity assumption, if a student prefers friends while giving help
then the likelihood of participation increases in a private learning environment. However, if
a student does not assert such preference, then the likelihood remains the same irrespective
of the platforms. Quantities were thus assigned to the corresponding Table 14.

Note that the range of values in F, is [0, 2] and not [-1, 1]. A student who prefers
familiarity may or may not make constructive participation in a public environment. In
other words, there is no suppressing effect due to this term, so the value ranges between 0

to 2 instead of -1 to 1. We can also explain this using literature. We have seen Azmitia and
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Table 14: F; Table with values filled in.

7. = Private | m, =Public
Fy=yes 2 1.5
F,=no 0 0

Montgomery [10] demonstrated that friends exhibit higher levels of transactive conversational
moves. So, in our case, students are likely to make constructive participation in a private
environment.

Converting to standard form,

Fy(F,,m.) = 1.5F, + 0.5F,m,, (4)

where, as before, the dichotomous variables assume values in {0, 1}. Here F,, = 0 stands
for no preference for familiarity and 7, = 0 denotes a public environment. The form of F,
does include an interaction between the person- and environment-level variables, in contrast
to Fj. Note also that there is no main effect of the public/private variable. This means
that, from our view of student perspective, being in a private venue was not generally an
augmenting factor for constructive participation. That effect would only be experienced by
students who asserted a preference for familiarity.

Finally, turning to F3, it also takes two variables similar to F}, and F5. It is a function
of math self-concept M, and the different platform actors i.e., human/agent n.. However,
due to the affordances of the task within the platforms, i.e., Khan Academy requires posting
a question and answer instead of a discussion thread or just a comment, we have seen
students tend to make more C'P in this platform. So, it took 3 values each for synchronous
chat, question-answer, and communication with an agent. Based on the math self-concept
assumption, students with high math self-concept are likely to participate irrespective of the
platforms however students with low math self-concept are likely to participate more with

the virtual agent. The values in Table 15 reflect that.
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Table 15: F3 Table with values filled in.

Nne=MB | ne = KA ne =TA
M, =low | -1 0 05
M, = high | 05 1 0.5

Converting to standard form,
F3(My,n.) = =1+ 1.5M, + Ne—xa + 1.50e—ra — 0.5M, * Ne—ga — LOM, % Neera  (5)

After obtaining the formal equations for each Fy, F», and F3, we calculated the respec-
tive scores. We conducted a logistic regression model using Fj, F,, Fj as the predictor
variable, and constructive participation as the outcome variable. In this model, the predic-
tor coefficients are positive and statistically significant, indicating all the terms contribute
to constructive participation. Finally, following the general equation 1 we get the following

logit equation for constructive participation:

logit P(X = CP | Qp,Te) = —1.52 4 0.623 % F} 4+ 0.399 % Fy + 0.631  Fj (6)

We can use equation 6 to calculate the likelihood of constructive participation for each

student at a given platform.

4.2.4 Adjustment of the Computational Model

The model in Figure 4 (Equation 1) is designed to explain constructive participation
using three different pairs of individual and platform characteristics (Fy, F», F3). Table
16 lists the different platform-level characteristics: we see that Modelbook and Teachable
Agent almost share similar characteristics (both are synchronous and private) even though

the mode of collaboration is different (text-based vs. speech-based, respectively).
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Table 16: Platform Characteristics.

Modelbook \ Khan Academy \ Teachable Agent

Synchronous | Asynchronous Synchronous
Private Public Private
Text-based Text-based Speech-based

So, in Figure 5, when we take a closer look into the F; sub-model (Help-Giving Self-
Concept, Synchronicity) and the F» sub-model (Familiarity, Public) of the main computa-
tional model, we observe that the Synchronicity and Public are essentially the same variables,

indicating that these two variables have a deterministic relation between them.

_ F1 Q
Help-Giving Self- Sync vs. Async
Concept (H,) (o.)
‘ Familiarity (F,)
‘ Public vs. ‘
Private ()
Constructive

Participation (CP)

Figure 5: F} Sub-Model and F, Sub-Model visualization.

The Fi sub-model and the F5 sub-model are individually accurate per their definition and
intended purposes. However, in the computational model presented in Equation 1, where
both of these sub-models are used as predictors, the same variable is considered twice, thus
influencing the interpretations of the model. To address this, we merged the F; sub-model
and the F5 sub-model into a new combined variable called F12_combined. This combined
variable includes Help-Giving Self-Concept, Familiarity, and Synchronicity. The adjusted
model is graphically represented in Figure 6. By combining these characteristics into a

single variable, we aim to enhance the clarity and coherence of the model, ensuring that
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each predictor is distinct and contributes meaningfully to the overall analysis.

F12 Combined

. Help-Giving Self-

( Math
Concept (H,)

Self-Concept (M,)

e F3
‘ Human vs. Agent ‘

Me)

Constructive
Participation (CP)

(oc)

> ‘ Sync vs. Async

‘ Familiarity (F,) ‘ :

Figure 6: Computational Model for Constructive Participation.

4.3 Building and Evaluating the Computational Model

In the previous section, we used domain knowledge and expert opinion to formulate
different theories and converted them into measurable variables, e.g., Fy, F5, F3, which are
assumed to have some effect on the event of constructive participation. We described the
modeling approach for developing an explanatory model using these variables. The purpose
of this explanatory model is to explain students’ constructive participation. Generally, in the
case of the explanatory modeling approach, the steps involve finding a true model among
a set of candidate models, which is needed for the purpose of explaining the data [100].
In theory, a true model refers to a parsimonious model with all the necessary variables in
appropriate forms, as well as being the best model at the same time among all possible
ones in terms of explaining and predicting the response variable (however, in practice, it is
hard to reach a true model because of the restricted number of variables and finite sample
sizes). In our case, we focus on the computational model for constructive participation and
examine how well it explains the response variable. Different metrics are used to compare

models using the same dataset. In this section, we briefly describe the measures that we use
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to compare the candidate models, then describe a general linear model (GLM) that would

quantify the effect of the explanatory variables on the outcome variable.

4.3.1 Measures

In this section, we present measures related to the evaluation of the overall performance
of an explanatory model. The validation of an explanatory model can be based on the
evaluation of goodness-of-fit [16]. For model selection across the same dataset, we use the
Bayesian Information Criterion (BIC) instead of Akaike Information Criterion (AIC) because
BIC is the better criterion for finding the true model among a set of candidate models, which
is what we need for the purpose of explaining the data [100]. Since the response variable is
binary (constructive participation or not), we use Brier Score as a goodness-of-fit measure
[15]. We evaluate the goodness-of-fit of all candidate models using Brier Score [17]. To
visually inspect the model fit (how well a model matches the observed data), we use a
Calibration Plot. We describe each of these measures briefly down below:

Bayesian information criterion (BIC) BIC is a method for selecting models which
are under the maximum likelihood estimation framework. The BIC statistic is calculated

using the formula:

BIC = =2% LL +1log(N) * k

where LL is the log-likelihood of the model on the data, log() has the base-e called the
natural logarithm, N is the number of observations in the dataset, and k is the number of
parameters in the model, captures the complexity of a model.

Brier Score (BS) The statistic, Brier Score, proposed by Brier [17] evaluates the accu-
racy of probabilistic predictions (judge the quality of probability estimates). For instance,
if we have two models that correctly predict the rainy weather in Pittsburgh, one with a
probability of 0.53 and the other with 0.89. Assuming a 0.5 threshold, they are both correct
and have the same accuracy, but the second model seems better. The Brier Score is helpful
in such circumstances. The mathematical formulation of the Brier Score depends on the

type of predicted variable. Since we are developing a binary prediction, the score is given
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1
BS = n Zz:;(pz - 01)2

where p is the prediction probability of occurrence of the event, and the term o is equal
to 1 if the event occurred and 0 if not. Based on the above example, the first model predicted
a 53% of rain, and it actually rained, then the model would have a Brier Score of (0.53 — 1)
= 0.22. On the other hand, if the second model predicted an 89% of rain, and it actually
rained, then the model would have a Brier Score of would have (0.89 — 1)* = 0.01. The lower
Brier Score indicates that the prediction from the second model was relatively accurate.

The range of the Brier Score is always between 0 and 1, with lower values indicating
better model performance. The Brier Score is useful when we are interested in a model’s
confidence in its predictions or how probability estimates are made.

While the Brier Score evaluates the goodness of a model, the Brier Skill Score provides

a relative metric for comparing the performance of one model with another. It is calculated

BS

as follows: Brier Skill Score = 1 - BS,;

, where BS=Brier Score of the current model and
BS,.=Brier Score of a reference model. The Brier Skill Score ranges from —oo to 1, with
higher scores indicating more accurate predictions than the reference model. A score of 0
indicates the same accuracy as that of the reference model.

Calibration Plot (also known as reliability diagrams in forecast literature) is a visual
tool to assess the agreement between predictions and observations by plotting the predicted
outcomes (x-axis) against the observed outcomes (y-axis). The idea behind a calibration plot
is that when we group predictions based on their probability, we anticipate a corresponding
percentage of actual events to align along a diagonal line. For instance, if we gather a set
of predictions with estimated probabilities of around 10%, we would expect approximately
10% of those predictions to correspond to actual events. In the calibration plot, some points
either fall above or below the diagonal line: a) below the diagonal: the model has over-
forecast, the probabilities are too large, and b) above the line: the model has under-forecast,
the probabilities are too small.

A calibration plot is used to investigate the prediction probabilities of a given model.
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When modelers want to be confident in their predictions, they can evaluate their model
via calibration plot to check that the predicted class distributions are similar to the current
class distributions. Average predictions over average actuals are used to determine how close
the predicted probability distribution is to the observed probability distribution from the
training data. Ultimately, this shows how well the probabilistic predictions of the classifier
are calibrated for binned predictions. It helps us compare two models with similar accuracy

or other standard evaluation metrics.

4.3.2 Computational Model using the Design-Based Research Study Dataset

Design-Based Research (In-person) Dataset. In Chapter 3, we described the
design-based research study conducted in three cycles and deployed in a middle school class-
room (see Section 3.2). The study was held in-person. Hence alternatively, we refer to this
dataset as in-person dataset. In this study, the students collaborated across all three digi-
tal platforms. They collaborated with their peers in Modelbook digital gallery discussions,
posted questions or answered other questions in Khan Academy, and taught mathematics
problems to Teachable Agent. The student utterances across these platforms were labeled
as constructive participation using the help-giving coding scheme (see Section 3.3.2.1). The
total number of observations in this dataset is 755 (Modelbook: 462, Khan Academy: 148,
Teachable Agent: 145). There are no missing values.

Defining the GLM Model. We fit the model in Figure 6 using R’s standard GLM
(general linear model) function and specified family=*“binomial” so that R fits a logistic
regression model to the dataset. We inspect goodness-of-fit with the help of the R package

‘jtools’ and use the ‘summ’ function from this package to get a summary of model diagnostics.

4.3.3 Results

In the results section, we describe the fitted model and its coefficients and describe the
evaluation of the computational model.
When fitting a logistic regression model, the coefficients in the model output indicate

the average change in the log odds of the response variable for a one-unit increase in the
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predictor variable. Often we’re more interested in understanding the average change in the
odds of the response variable for a one-unit increase in the predictor variable, which we can
find by using the formula e®. So, we convert the coefficients into odds ratio (exponentiated

coefficients) and get their confidence intervals using standard error in Table 17:

Table 17: Coefficients, Odds Ratio, and Confidence Interval for the Computational Model.

** indicates p-value < 0.001, hence significant predictors.

‘ Coefficients ‘ Odds Ratio ‘ 2.5% CI \ 97.5% CI \ p-value

Intercept -1.5405 0.2142758 | 0.1600037 | 0.2869566 | 0.00**
F12_Combined 0.4548 1.5758058 | 1.3623001 | 1.8227731 | 0.00**
F3 0.6491 1.9138923 | 1.4674697 | 2.4961223 | 0.00**

Results from the logistic model indicate the relationship between F12_combined and
F3 on the probability of students’ participating constructively. Both of these predictors
(including the intercept term) are presented to be significant predictors. It was found that
holding F3 constant, the odds of participating constructively increased by 57% (95% CI [.36,
.82]) for the explanatory variable F12_combined (H,, F),, o.) It was also found that holding
F12_combined constant, the odds of participating constructively increased by 91% (95% CI
.46, 1.49]) for the explanatory variable Fy (M, 7).

We compare the computational model with two other candidate models: the null model
and the Brute Force Main Interaction model (Brute Force model, in short). The first refer-
ence for comparison is the null model, which is a simple, minimal model that does not include
any predictor variables (intercept-only). In this model, the fitted value for each set of predic-
tor values equals the mean of the response variable y. The corresponding slope intercept is
the mean of y, and the standard deviation of the residuals is equal to the standard deviation
of y. We chose the null model for comparison because it can help us to assess whether the
computational model adds meaningful value beyond a basic and simple approach. If the
computational model does not perform significantly better than the null model, it suggests
that the additional complexity may not be warranted, and the null model may be sufficient

for the given data. The second reference of comparison, the Brute Force Main Interaction
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model, is a model with a group of main and interaction effects between the individual char-
acteristics (M SC, HSC, Fam) and platform type (Modelbook, Khan Academy, Teachable
Agent). The number of parameters in this model is 7 (4 main effects, 3*1 interaction effects).
We use this model because it uses similar variables as in the computational model but can be
considered ‘unrestricted’ or ‘untheorized’ as there are no theories associated with it. Table

18 presents the BIC scores and Brier Scores for these models.

Table 18: Candidate Models including the Computational Model built with in-person
dataset and their BIC, and Brier Score. The best values are indicated in bold.

Model Name \ Predictors \ BIC \ Brier Score

Null Model intercept-only 959.72 0.219
Brute Force Model MSC, HSC, Fam | 959.79 0.207
Platform Type
Computational Model | F12_combined, F3 | 914.52 0.200

The computational model with F12_combined and Fj has a BIC score of 914.52, which
is the lowest compared to the other two models, indicating a better selection of the model
that describes the data. To demonstrate that the computational model is indeed better
than the null model, the deviance (goodness-of-fit statistic) can be used. We examine the
null hypothesis: the computational model equals the null (intercept-only) model, which is
essentially a bad fit model. A p-value below the accepted decision threshold (0.05) will reject
the null hypothesis indicating the computational model is not as bad as the null model. The
chi-square of 58.44 with 2 degrees of freedom and an associated p-value of less than 0.001
tells us that the computational model as a whole fits significantly better than the null model.

The Brier Score of the computational model is 0.2, which indicates the accuracy of
probabilistic predictions made by this model. A lower score indicates accurate predictions.
To compare the models, we calculate Brier Skill Score considering the null model as the
reference. We get the Brier Skill Score of 0.05 (=1-.207/.219) and 0.08 (=1-.2/.219) for the
Brute Force model and the computational model, respectively. Both are positive, but the
computational model has a slightly higher Brier Skill Score, indicating a better fit than the

other two models.
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The calibration plot of the computational model in Figure 7 helps us to inspect the fit

of the model visually.
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Figure 7: Calibration Plot for the Computational Model and Histogram of the predicted
probabilities.

In Figure 7a, after fitting the logistic regression model, each observation has an actual
outcome (1 or 0) and a predicted probability (a number between 0 and 1) from the logistic
regression model. We binned the observations based on their predicted probability. We have
10 bins. Any observation with a predicted probability between 0 and 0.1 go in the first bin,
observations with a predicted probability in the interval 0.1 and 0.2 go in the second bin,
etc. Then we calculated the actual proportion of success (1s) for observations (also known
as ‘event rates’) in each bin. The calibration plot displayed the bin midpoints on the x-axis
and the event rate on the y-axis. Each point is associated with confidence intervals.

In Figure 7b, we see the histogram plot that shows the distribution of the predicted
probabilities for the in-person dataset. The histogram plot shows that a total of 677 of the
observations (63+7+364+46+69+128=677 out of 755) which is 89.67% of the data, falls
between the probability range of 0.1 to 0.5. Interestingly, out of these 677 observations, 364
fall into a single bin. For probabilities less than 0.1 and probabilities greater than 0.5, the
model is underpredicting. Also, the bins do not cover the probabilities around 0.8 to 1 - it

could be either due to the model or because there is not enough information on the data to
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make the predictions.

4.3.4 Discussion

The purpose of an explanatory model is to provide insights into how different indepen-
dent variables contribute to the observed outcomes, allowing researchers to identify which
specific elements should be adjusted to achieve the desired changes. In educational research,
where sample sizes are often small, an explanatory model can play a crucial role in iden-
tifying the reasons behind observed behaviors. This holds true in the context of UbiCoS,
therefore, the utility of an explanatory model can be significant. UbiCoS represents a new
class of educational technology that aims to support a single student in their collaborative
interactions across various platforms in which the student may have different collaborators.
By developing an explanatory model, researchers can delve deeper into understanding why
students exhibit certain collaborative behaviors on a given platform. This involves examin-
ing how individual characteristics interact with the features and affordances of the platform
to shape student engagement. This model could provide a valuable framework for develop-
ing personalized support strategies. In recent times, developing an explanatory model for
student participation is encouraged in the literature as well [95].

This chapter demonstrates the flexibility of the described modeling approach. In the
beginning, we had three pairs of individual and platform characteristics. But due to an
artifact of the data, we made an adjustment to the model. In terms of predicting probabil-
ities, we observed the computational model performed well compared to the other baseline
models. The logistic model developed can be used for classification using an optimal thresh-
old; however, as a first approach to this modeling, it is better to investigate the model fit
using a calibration plot and see what it tells us. For example, when built on the in-person
data, the histogram in Figure 7b shows there is a frequency of 364 observations with the
same probability. We have four explanatory variables for this model: MSC, HSC, Fam,
and Platform Type. The Platform Type has 3 values each for the three platforms, and the
rest of the variables are binary variables, so there are a total of 3*23= 24 combinations. In

the in-person dataset, we observe there are 18 combinations out of these 24 combinations.

73



One of these 18 combinations occurs 207 times, almost one-third of the data. If the model
were sensitive to the bar area with these 364 observations, the model would have moved
the predictions up or down. However, possibly the model is over-fitting because too much
data is in this bin. If we used accuracy as our metric, we would classify a student’s partic-
ipation using some threshold and would have probably missed where and how the model is
over-fitting /under-fitting and would have a loose opportunity to improve the model.

The modeling approach and the resulting model are interpretable, making them suitable
for various studies with similar individual and platform characteristics. The model’s flexi-
bility allows for potential extension to new contexts, although further research is necessary

to investigate its predictive capabilities.

4.4 Conclusion

In this chapter, we describe a semi-structured interview process where we asked the
students about their help-giving experience in the different platforms of our collaborative
environment. We identified a set of factors that influenced help-giving in different ways
across Modelbook, Khan Academy, and Teachable Agent. While similar results are found in
the existing literature, this work particularly explored how the factors specifically influence
students’ help-giving participation and how the factors are likely to vary depending on the
platform characteristics. We then used a subset of these factors and paired them with certain
platform characteristics to build an explanatory model to explain the students’ constructive
participation. We report an extended analysis of this explanatory model in Chapter 7 based

on the data obtained from different studies described in Chapter 5 and Chapter 6.
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5.0 Primary Design of Dynamic Assessment of Motivation and Adaptive

Collaborative Support

In the previous chapter, we selected a set of individual characteristics derived from a semi-
structured interview that potentially influenced the students’ help-giving participation across
the three platforms. Furthermore, we described constructing a model that incorporates
both individual and relevant platform characteristics. The goal is to build an explanatory
model that sheds light on the students’ constructive participation across the three platforms.
However, to model student participation effectively and to adequately adapt to a student’s
motivational state, it is important for ACLS systems to include the assessment of motivation
within the learner model of intelligent tutoring systems.

A common way to assess motivation is through surveys or questionnaires. In most cases,
the assessment is done at the beginning of the study, which misses two important aspects of
motivation: 1) motivation is influenced by the environment [72], so it should be examined
in the context of events, and 2) motivation is dynamic and changes over time [35], so it
should be assessed as such. Some intelligent tutoring systems address dynamic assessment
by using an interface embedded with questionnaires and sliders [30] or utilizing a single self-
report question [78]. However, challenges with utilizing questionnaires to assess motivation
include difficulty in understanding the vocabulary that is typically used to assess motivation
[40, 44], and survey fatigue which can lower the quality of the responses/response rates
[90]. Moreover, administering questionnaires during the interaction can also be intrusive
[117]. Alternative non-intrusive approaches, such as using physiological data [91, 76, 98] or
analyzing log files [56] are used to dynamically assess motivation. However, they can be
costly, resource-intensive, and lack student agency. Student agency refers to the ability of
students to make choices and take control of their learning experiences. The lack of agency
can result in reduced engagement in learning activities, leading to reduced confidence in their
capabilities.

The aforementioned challenges prompted us to investigate our third overarching research

question in this chapter, RQ3: How can we assess student motivation dynamically and within
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context? The main purpose is to examine motivation within specific learning contexts,
allowing researchers to understand how motivation interacts with the learning environment
over time. We believe that to function in an ITS, the assessment of motivation should
be contextually embedded, dynamic, and agentic. By integrating student agency in
assessing their motivation within context, we expect to attain a more accurate representation
of their motivational state. An ITS can then use this data to create personalized interventions
in each context, encouraging student participation. To address the assessment of motivation
within UbiCoS, we describe an application of the Persona method [26], a user-centered
design approach for understanding important end-user characteristics like preferences and
goals. It is a fictitious representative target user [26] consisting of a name, a picture, and
a short narrative. We believe that our tool inspired by personas would have particular
qualities that meet the aforementioned criteria, conteztually embedded, dynamic, and agentic
for assessing motivation in I'TSs. Embedding the persona narrative directly into the interface
may help the students to comprehend the survey items within context, making it easier to
use. Furthermore, prompting the students to use the interactive tool before each digital
collaborative activity enables dynamic assessment of motivation. Also, the system allows
the students to modify the narrative at each opportunity as they might feel differently on
different days, giving them agency in expressing their current motivational state.

We initially developed a set of personas using the four individual factors used in the previ-
ous chapters: math self-concept, help-giving self-concept, familiarity, and conscientiousness.
We conducted two co-design sessions (n=13) with middle school students, where we evalu-
ated the set of personas. We converted these paper-based personas into an interactive tool
and embedded the tool in Modelbook. Subsequently, we conducted a three-week-long design
study (n=17) in which the interactive tool was used by the students to report their motiva-
tion periodically. The study was conducted online due to COVID-19. The main objective
of the design study was to investigate how students use the interactive persona tool. In this
chapter, we focus on answering the sub-research question RQ3a: How did the students use
the interactive persona tool? to gain valuable insights into the usability and functionality of
the primary implementation of the interactive persona tool.

The other major area that we focus on in this chapter is the description of primary adap-
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tive collaborative support. As a first step to address the research question RQ4: How can we
design adaptive collaborative support using student motivation and context?, we designed the
collaborative support for each platform using the students’ individual characteristics. We
implemented the primary adaptive collaborative support in the three platforms: Modelbook,
Khan Academy, and teachable agent as proof of concept. However, upon reflection, the de-
sign of the support did not yield the intended results, likely influenced by certain design
choices and the online nature of the study. Consequently, we decided not to analyze the
usage of support in this particular chapter. Instead, our focus shifted towards reassessing
and refining the support design to address the observed shortcomings, which we describe in
the next chapter.

The chapter’s outline follows: in Section 5.1, we introduce the Persona method and give
a brief description of how this method is used in the Education domain. Section 5.2 presents
the co-design sessions used to develop the personas, followed by the creation of the inter-
active persona tool. Section 5.3 describes the primary adaptive collaborative support using
students’ individual characteristics. In the next Section 5.4, we describe the design study
where the students periodically used the interactive tool to report their motivational state.
We then briefly present the results related to student learning and help-giving participation
and report the findings of the research question RQ3a: How do students use the persona
tool? using the data obtained from the design study. We use student trajectories to describe
the changes in their motivation, which provide insight into the affordances of the persona

design. We conclude the chapter in Section 5.5.

5.1 Persona in Educational Research

The Persona method [26] is a user-centered design approach for understanding important
end-user characteristics like preferences and goals. The primary purpose of creating and
using personas is to give the designers and developers a chance to get familiar with the
various target users, so they can create user-centered products. Initially proposed within

the context of software design [26], personas have also been used in educational research to
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design pedagogical interventions, e.g., [109, 97, 7, 118, 8].

Varela et al. [109] described the process of creating six child-personas (i.e., focusing on
the needs of children rather than on the goal of the product [9]) for the developers and
the designers to create an educational technology for children. Their goal was to design a
digital math practice application tool for middle school students. Another example of the
application of the personas can be seen in [97]. Sankupellay et al. [97] describe the method
to develop seven personas categorizing different students of a teaching and learning support
system. The personas allowed the authors to evaluate the gaps in the services of the system
and make changes to fit the needs of the personas. Both Varela et al. [109] and Sankupellay et
al. [97] created personas that were not directly used by the target users; however, [118] used
the application of the persona method to influence student-teacher interactions and student
motivation. Warin et al. [118] introduced the ‘Living persona’ where a teacher enacted a
single persona as a part of a pedagogical approach, and the students directly interacted with
the persona as a part of the pedagogy. The purpose was to improve interactions between
students and teachers via the co-construction of knowledge.

In our work, we employed the persona method to create a set of representative personas
based on students’ motivational characteristics. These personas were then implemented as
an interactive tool as an application of the persona method. The tool was embedded in
the digital textbook, Modelbook, and the students (the target users) directly used the tool,

modifying their motivation based on the context of their collaboration.

5.2 Primary Design of the Interactive Persona Tool

In this section, we describe the process of developing a set of personas using the students’

individual characteristics in two co-design sessions. We wanted to determine how students

responded to the personas as indicators of their motivation and get students’ input on the

persona narrative.
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5.2.1 Participants

The two co-design sessions were conducted with 13 middle school students from the
Southwestern United States (F=4, M=7, 2 did not report) in an after-school two-hour work-
shop. Participants were in 7th and 8th grade and reported their race and ethnicity as follows:

Hispanic (6), Mexican (4), White (2), did not report (1).

5.2.2 Procedure

Based on the interview results described in Section 4.1.3, we initially selected four fac-
tors to develop the personas: math self-concept (e.g., confidence about one’s own math
competence), help-giving self-concept (e.g., confidence about one’s own help-giving compe-
tence), familiarity (e.g., preference to give help to known people), and contextual factors
(e.g., off-topic comments). These factors were chosen from an initial thematic analysis of the
interviews with 16 middle school students about their help-giving behaviors and motivations.
These factors are also related to learning in literature [23, 51]. Following the definition of
the Persona method, each persona included a name, an age, a goal, a quote, and a nar-
rative describing the persona’s help-giving interactions in mathematics using these factors.
Six personas (Gracie, Maurice, Sarah, Tobi, Lisa, Harry) were designed to approximate a
specific type of student participation and fit the characteristics of students in our study. An
example is shown in Figure 8.

In the first co-design session, each student was given the six persona documents and
asked to determine how much they were or were not like the persona answering with a
Likert scale ranging from 1 (“exactly like me”) to 7 (“not like me at all”). 3 students
rated themselves most like Gracie, 5 most like Harry, 3 most like Sarah, and the other 2
students were spread across the other three personas. This suggests that while five of our
six personas resonated with at least one student, three appeared to particularly match the
students in the session. Next, the students selected the persona they resembled the most and
edited that persona characteristics to be more like them. Students began by modifying the
persona’s image, which helped ease them into the activity (e.g., making the hair longer), and

continued to modify the persona’s characteristics. The modifications included: (1) adding
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Gracie, 12

Goals: Help others in math so they can get better

Wants to study computer science when she grows up

“Plants grow
best when
grown together.”

Gracie is really passionate about math and sharing
her knowledge with her friends and peers. She enjoys
learning math in a lot of different ways. At school she
is in a math club, and in her spare time at home she
answers people’s math questions online. She believes
it’s okay to make mistakes because making mistakes
is another way to learn. She also thinks it’s valuable
to help her classmates so they can understand math
more and succeed. So she doesn’t skip a chance to

help others to solve math problems.

Question: How alike or not alike you is this persona?

1 2 3 4 5 6 7
Exactly Not like

like me me at all *

Figure 8: Persona template given to the Co-design session students.

intermediary options when talking about math performance, e.g., ‘one of the top performers’
to ‘good performer’ (7 students); (2) major editing of statements, e.g., ‘during collaboration,
he fears giving the wrong answer’ to ‘during collaboration, he normally gives the answer’ (10
students); (3) minor editing of statements (5 students, e.g., modifying gender).

The second co-design session happened two weeks later with eleven students (2 from the
first session were absent). Because there were many personas that students did not match to

and because students made multiple edits to their persons, we decided to have students build
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their own personas. We gave the students a persona template with two parts: a persona
narrative and a persona figure. The persona narrative included free inputs (e.g., for persona
hobbies) and fixed-choice inputs with a set of options to select from related to our four
factors. For example, related to math self-concept, students had three options to choose:
“Really good at doing math problems”, “Just ok at doing math problems”, “Not great at
doing math problems”. The intermediary statements were inspired by the edits observed
during the first co-design session. After the session, we had eleven personas created by the
students and analyzed them to look for common themes, an approach often used in persona
design [26]. We first used math self-concept to group the students as a determining factor in
our particular learning environment, resulting in three clusters: low (4 students), medium (4
students), high (3 students). However, from co-design session 1, we observed students move
from high to medium math self-concept, e.g., ‘good at math’ to ‘almost good at math’, so
we combined medium and high into a single group. Then, we chose 2 personas from the low
group and 2 personas from the high group such that we had at least one persona from each
group with a preference towards familiarity. We chose familiarity due to its importance in
designing our learning environment, which had a public and a private collaboration space.
Thus, we had four representative personas, two with characteristics similar to those developed
by the researchers in co-design session 1 and two more influenced by the students in this

session.

5.2.3 Creating the Interactive Persona Tool

As described above, the four representative personas had a range of values of math self-
concept (M SC), help-giving self-concept (HSC), and familiarity (F'am) based on student
responses. We decided to eliminate the contextual factors dimension from the personas
because we wanted to focus on individual motivation factors. However, we replaced that
dimension with a conscientious factor based on additional analysis of the interviews. Since
conscientiousness (Con) was added after the co-design sessions, we categorized each of the
interviewed students under one of the four personas and then chose the level of conscientious-

ness that best described all the students in that persona category. The final characteristics
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for each of the four personas are: Seel (M SC:low, HSC:high, Fam:low, Con:high), Abra
(M SC:low, HSC:high, Fam:high, Con:high), Bellsprout (M SC:high, HSC"high, Fam:low,
Con:high), Caterpie (M SC:high, HSC: low, Fam:high, Con:low). Here, Seel, Abra, Bell-

sprout, and Caterpie are the name of the four personas.

Profile Page

Based on your answers, your profile closely matched
with Caterpie. Would you like to change anything?

Caterpie

Caterpie is a student in 8th Grade math class. She considers that she is
1. [not that great at math v|. Of course, she works with other people on
math in a lot of different settings 2.
| but she doesn't feel like she is very good at giving help to others V|. When it comes
to working on activities for class and other things, 3.

[ she doesn't always participate ~| Sometimes, that depends on
who she is working with. However, honestly 4.
[ she prefers only working with people she knows v| But, overall that's her math
life!

Ok, Change

Figure 9: Primary Interactive Persona Tool interface with dropdowns for students to self-

indicate their motivation.

Following the original design, we embedded the final four personas as an interactive tool
in the digital textbook interface with a name, a picture, and a short narrative. The design
allowed the students to modify each of the four characteristic values using a dropdown menu
(Figure 9). The values are represented with words to fit in the narrative, e.g., ‘pretty good at

math’ is mapped with high M SC, and ‘not that great at math’ is mapped with low M SC.
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5.2.4 Discussion

The primary objective of the co-design sessions was to observe how the representative
target users respond to the personas developed by the researchers. By involving the students,
this approach gave the opportunity to include their perspectives and experiences, ensuring
the credibility of the personas in reflecting student motivation. Through this process, we
aimed to gain valuable insights into the students’ motivation and refine the persona narratives

accordingly.

5.3 Primary Design of the Adaptive Collaborative Support

This section describes the design and implementation of the primary collaborative sup-
port. In traditional ITS, an expert model is generally used to provide support or give feedback
based on students’ participation (e.g., correct/incorrect, asking for repetitive hints). Giving
feedback becomes particularly challenging in ill-defined domains as solutions to problems de-
pend on reseasoned arguments instead of a fixed number of steps. In UbiCoS, the problems
students solve are open-ended, where there can be multiple solution paths. To develop a
model for supporting collaboration in UbiCoS, we took inspiration from existing literature
related to peer interactions [121, 45|, examining several classroom techniques facilitating
small-group discussion [121].

Here, we describe the peer interaction model that worked as a basis to display support
to the students. The adaptive support’s main goal is to improve the students’ help-giving
skills, i.e., giving explanations, asking clarification questions, and providing justification for
their responses. Existing literature used different approaches, e.g., meta-cognitive prompts
[20], question prompts [62, 124] to encourage students’ collaborative participation, and these
interventions were applied to all the students in the classroom. However, we want to provide
personalized support that encourages participation depending on the students’ characteris-
tics. We focus on two levels for each characteristic: high and low. For example, imagine two

students, one with a low math self-concept (S1) and the other with a low help-giving self-
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concept (S2). In order to participate constructively, S1 may need help asking clarification
questions, whereas S2 may need help with explaining. A third student with high math self-
concept may not need support at all to participate constructively. Inspired by the literature,
we chose a specific set of peer interactions that aligns with the student’s characteristics.
For example, it is important for a student with a low math self-concept to learn domain
knowledge to be more confident about their math skills. To solve ill-structured problems,
domain-specific knowledge is required [112]. So, asking clarification questions or brainstorm-
ing the solution with others may help them learn the domain knowledge. So, for low math
self-concept students, the support was particularly designed to help them ask questions or
facilitate brainstorming the solution with others.

Similarly, support related to elaboration or sharing knowledge could help students with
low help-giving self-concept. On the other hand, familiarity and conscientiousness are human
preferences/traits. Based on the literature on self-concept and personality research, we
acknowledge that self-concept behaviors are more malleable than the core personality traits
such as conscientiousness and familiarity [72]. So, we want to encourage the students to
participate despite their lack of interest in participating in specific platforms or completing
a task for these two characteristics. We also added a fifth category called social to encourage
social behaviors during the collaboration. We summarize the different peer interactions for
each characteristic in Table 19. Based on the computational model described in Chapter 4,
we associated the first three characteristics in the table with constructive participation and
the remaining two characteristics with no participation.

Adaptive Support Implementation Description. We designed a badge for each of
these peer interactions, e.g., math self-concept has three badges: Brainstorm, Question, and
Critique, and each time, one of these badges was displayed randomly for math self-concept
characteristics. If the students did not participate in the last two consecutive activities in a
given platform, the system displayed badges related to no-participation, otherwise, it showed
badges related to constructive participation. Figure 10 shows the adaptive support design
from which students chose a badge before or during the interaction.

The design includes three different badges to select from, a prompt message encouraging

a student to participate, and a sentence starter that is simple enough for students to edit
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Table 19: Different peer interactions for four different individual characteristics.

Characteristics Peer Interactions

Math Self-Concept Brainstorm, Question, Critique
Help-Giving Self-Concept Elaborate, Share, Challenge

Familiarity Feedback, Add on, Summarize
Conscientiousness Answer, Reflect, Assess
Social Participate, Appreciate, Encourage

and use. In the case of constructive participation, the three badges represented interactions
associated with three different characteristics M SC, HSC, and Fam, respectively. Alterna-
tively, in the case of no participation, badges associated with two characteristics (Con, and
Social) are shown. We also added ‘None’, allowing the students to continue participating
without aiming for any badges. The system randomly selected one prompt message and one
sentence starter from three alternate options so students did not see the same message. The
prompt messages were related to each characteristic and varied depending on the high /low
value of the characteristic. The general format for the prompt message is: [reassurance]
[message| [33]. If any of the characteristics had a high value, reassurance was not added
as a part of the message. The prompt messages also considered the platform differences
(example in Table 20). In this design, students could copy the sentence starter into the text
area using a ‘Copy’ button to save some typing and then complete the phrase with their own
text. Some example prompt messages for each character are given in Table 20.

With this design, the students have an agency in choosing what type of post they want
to make by selecting the corresponding badge. This aligns with the concept discussed by
Abramovich and Schunn [2], who propose that allowing students to choose the badges they

want to earn can increase motivation, particularly for learners seeking formalized recognition.
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Choose how you want to participate: X

Question Elaborate Addon None

Giving explanations is challenging. Think about an example
that best illustrates the problem or the reason behind a
particular step, explain to your friends.

Here is an example to explain ..

Copy to the textbox

Figure 10: Primary Adaptive Support displayed at the beginning of a gallery discussion.

5.4 Design Study: Preliminary Analysis of the Interactive Persona Tool

In this section, we describe the design study where we implemented the interactive per-
sona tool. In the results section, we present the analysis related to the research question
RQ3a: How do students use the persona tool? and discuss the implications of such a tool in

assessing student motivation within context.

5.4.1 Method
5.4.1.1 Participants

We conducted a three-week design study with 17 students (Females=7, Males=7, Prefer
not to say=2, Prefer to self-describe=1). Eight participants were 12 years old and nine
participants were 13 years old. Participants reported their race and ethnicity as follows:

Hispanic or Latino (15), Native American (1), and Prefer to self-describe (1).
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Table 20: Example of adaptive support (badge and prompt) associated with Math Self-

Concept for each platform.

Characteristib Platform \ Support \ Low Group Prompt ‘ High Group Prompt
Math Self- | Modelbook | Brainstorm | [Coming up with a solu- | Share your thoughts
Concept tion is difficult!] Share | about the given board
your thoughts about the | so that together you
board so that together | can come up with
you can come up with | different ideas for what
different ideas for what | to do next!
to do next!
Math Self- | Khan Question [Asking questions is | Asking a clarification
Concept Academy hard,] but if you are | question to others to
confused ask a clarifica- | get you started on the
tion question to others | Khan Academy dis-
to get you started on | cussion
the Khan Academy
discussion.
Math Self- | Teachable Critique [The more you think, | Based on what you
Concept Agent the more you under- | learnt so far, think
stand.] Based on what | about alternative solu-
you learnt so far, think | tions and explain the so-
about alternative solu- | lution to Cobi.
tions and explain the so-
lution to Cobi.
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5.4.1.2 Measure

Motivation Pre-Measure. Math self-concept was adapted from the Programme for
International Student Assessment [88], e.g., ‘I have always believed that mathematics is one of
my favorite subjects.” Help-giving self-concept was adapted from Expectancy Value Theory
[13] and Self Description Questionnaire-II [71], e.g., ¢ I’'m confident that I can help others
to learn the basic concepts taught in my math class.” Familiarity was adapted from the
Social Anxiety Scale for Children [64], e.g., ‘I don’t get nervous when I talk to new kids.’
Conscientiousness was adapted from the Big Five Questionnaire-Children [12], e.g., ‘When
I finish my homework, I check it many times to make sure I did it correctly.” All the items
were measured using a Likert scale ranging from 1 (“Strongly Disagree”) to 5 (“Strongly
Agree”).

Motivation Post-Measure. The post-intervention motivation scale consisted 15 items
to measure motivation to help-giving in mathematics based on Expectancy-Value Theory.
The scale was modified from [13] to reflect students’ motivation towards help-giving in math.
Additional questions, including 5 equivalent questions for each platform (ModelBook, Khan
Academy, and face-to-face interaction) were asked to capture motivation to help-giving in
these three platforms. We wanted to assess whether students’ perceptions of the tasks differed

between platforms and varied based on their experiences during the intervention.

5.4.1.3 Procedure

In this study, all three platforms, Modelbook, Khan Academy, and Teachable Agent, were
used for student collaboration. The design of these platforms was similar to the previous
three-cycle design-based study described in Chapter 3. The different cycles’ curriculum was
restructured to fit in three consecutive weeks instead of three separate weeks. The study was
designed as one hour after a class study session in Zoom. Since the study happened online,
face-to-face whiteboard sessions were replaced with online whiteboard sessions. We used an
online whiteboard tool, AWW (now known as Miro), and grouped 3-4 students where they
solved a given problem as a group. The same teacher facilitated both the study session,

as well as different small-group student discussions. At least three other researchers were
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present in the Zoom channel to assist with the study.

On the first day of the first week, students were introduced to the project, the research
team, and the modeling curriculum. Students were asked to complete the motivational mea-
sures and demographic questions. The next day, students were given a domain assessment
which was followed by a breakout room session about the ‘talk moves’. In the next two days,
students were introduced to the digital textbook, Modelbook, the interactive persona tool
(third day), and the ratio problem. The students had a whole class discussion about the ratio
problem and were sent to the breakout room as groups twice to first discuss the problem
and then again to work on the whiteboards together. Once completed, students from each
break-out session group were asked to upload the image to the gallery. On the fifth day,
the students participated in the digital group discussion. The digital group is different than
the break-out session groups. This was done so that during the digital group discussion,
students from different break-out sessions can engage in discussion about the differences and
similarities of their respective solutions. After the digital discussion, students were sent back
to their break-out rooms to review the comments they received related to work. At the
end of the first week, we have one digital discussion, one whole class discussion, and four
break-out room sessions.

On the first day of the second week, students were sent to the breakout rooms to visit
their groups’ whiteboards, followed by a whole class discussion about the ratio problem.
After that, the teacher introduced the teachable agent to the students, and the students
were sent back to their break-out rooms to discuss the problem sets for the teachable agent.
The students taught the teachable agent on the second day. It took the entire class time to
complete this activity. The third day was a holiday, so we did not have any study sessions
that day. On the fourth day, students were asked to use the interactive tool for the second
time during the study. The students discussed a second problem on ratios as a whole class,
a follow-up after the first problem. Students went to the break-out room to discuss the
second problem. The same day students were introduced to the third and final platform,
Khan Academy. The whole class viewed the Khan Academy video together and participated
in the second digital discussion. The day ended with a whole class discussion summarizing

the day’s lecture. On the fifth day of the second week, students were redirected to Khan
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Academy to make a post under the watched video. After this activity, the teacher introduced
the paint splash tool to the students and had a whole class discussion using the tool. At
the end of the second week, one digital discussion, three whole class discussions, one khan
academy discussion, and one teachable agent interaction.

The third and the final week had a similar setup of the activities. One thing to note,
based on the observation from the first two weeks, the group members were reshuffled to
make a more balanced collaborative participation both in the break-out rooms and in the
digital discussion. On the first day, the students discussed the third problem, i.e., collecting
data across different times as a whole class. Next, students were sent out to break-out rooms
to collect time vs. speed data together. The second day started with the breakout room
session again to allow the students to complete the task from the previous day and also
a whiteboard activity related to this problem. Students then uploaded their whiteboards
into the gallery. On the third day, students participated in a digital discussion. Then the
whole class watched the second Khan Academy video, and later the students were redirected
to the Khan Academy to make a post. On the fourth day, students interacted with the
teachable agent again. Finally, on the final day of the final week, the teacher summarized the
curriculum, asked the students to use the interactive persona tool for the third and last time,
and completed the post-motivational measures and the post-assessments. Students were also
asked to schedule interviews if interested. The third week had one digital discussion, two
whole class discussions, one khan academy discussion, and one teachable agent interaction.

In addition to the study itself, we invited students to participate in interviews to gather
their insights and experiences. We conducted a semi-structured interview with a subset
of the students (n=7), where we asked the students about their help-giving experiences in
various collaborative activities across the platforms. We inquired about the four individual
characteristics and whether they applied their help-giving behaviors. We also sought their

feedback on the interactive persona tool or the badges they received during the study.
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5.4.2 Results

The main objective of the design study was to investigate student interaction, and how
students use the interactive tool (and the adaptive support). In this section, we briefly
present the overall learning gain and student interaction data across the three platforms. We
used the help-giving coding scheme described in Section 3.3.2.1 to code student utterances in
Modelbook, Khan Academy, and Teachable Agent. We then present a detailed analysis of the
student’s usage of the interactive tool and uncover the implications it holds for understanding
student motivation.

Learning Outcome. We began our analysis by first verifying that students learned
between pre and posttest. For this analysis, a paired samples t-test was conducted to de-
termine the effect of time on their math test score. The results do not indicate a significant
difference between math test scores before the study (M=5.47; SD=2.748, N=15) and math
test scores after the study (M=5.07; SD=3.751, N=15); [t(14) = .658, p = .261]. This sug-
gests that there might be a lack of learning taking place. One possible reason for this could
be that the limited duration of the instruction time and the presence of various concurrent
activities might have posed challenges for the students in the online setup. Additionally, the
learning assessment may not have been aligned with the specific type of activities in which
the students engaged. During the study, the students explicitly participated in help-giving
activities in various formats, however, the assessments focused on giving a correct answer
to the problems or responding to multiple choice questions. This misalignment between the
assessment tasks and the actual activities could have affected the learning scores.

Participation Results. We analyzed student utterances across the three platforms.
After the study, we had a total of three Modelbook gallery discussions, two Khan Academy
discussions, and two Teachable Agent interactions. In terms of the quality of interaction
on ModelBook, we saw across the three Modelbook Gallery discussions that 45.71% of the
posts represented constructive participation. Regarding the quality of interaction at Khan
Academy, 72.73% of students had constructive participation, and 21.53% of the teachable
agent solutions contained constructive participation.

We observed that Khan Academy exhibited the highest level of constructive participation
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Table 21: Student help-giving interaction in Online Study. Note: 25% of the Teachable Agent
problems were attempted but not solved, and 20.80% of the Teachable Agent problems were
not attempted.

# Activi- | Minimal Partic- | Facilitative Par- | Constructive Par-
ties ipation ticipation ticipation

Gallery Dis- | 3 18.29% 36.00% 45.71%

cussion

Khan 2 9.09% 18.18% 72.73%

Academy

Teachable 2 4.17% 28.47% 21.53%

Agent

compared to the other two platforms. It could be due to the platform affordances where
students either post a question or respond to other students’ questions which inherently
defines constructive participation. This finding is consistent with the previous study (Cycle
3 of Design-based-research). In the case of Modelbook, we noted nearly half of the inter-
actions fell into the constructive participation category, which is an improvement over the
previous study as well. It is important to note that we acknowledge this study involved
different students. The implementation of the adaptive badge system may have contributed
to increased constructive participation. Interestingly, we see a notable change in participa-
tion when examining the interactions with the Teachable Agent. Students did not attempt
to solve the problems. This could potentially be attributed to the online nature of the
study, where students might have encountered difficulties in using the teachable agent or
faced environmental challenges such as inadequate internet connectivity or lack of access to
a computer. For example, one student mentioned using the phone on the day the Teachable
Agent activity happened which might have limited their participation.

The participation findings demonstrate the variation in how students provide help across
different platforms, which aligns with our previous studies. These can be attributed to
the different individual characteristics and their interaction with the contexts. To further

explore the dynamics of student motivation throughout the study, we asked the students to
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use the interactive tool to report their motivation multiple times. In the remaining part of
the result section, we delve into the students’ usage of this tool and analyze its implications
for understanding their motivation patterns.

Interactive Persona Tool Usage Results. On the first day of the study, once the
responses to the questionnaire were collected, one researcher calculated the average for each
factor. This was compared against a fixed cut-off value of 3.5 to mark high vs. low for each
factor for each student. The following are the total number of high and low students for
each factor: MSC (7,10), HSC (13, 4), FAM (7, 10), and Con (14, 3). We calculated the
number of matching factors between the students (e.g., M SC:high, HSC":low, F AM:high,
CON:low) and each persona. As we had four personas, students were assigned the persona
with the minimum dissimilarity of factors. If a student matched equally with two personas,
the student was assigned randomly to one.

The interface allowed students to navigate to a screen to see the matched persona (Figure
11a). A student could modify any of the four values using the dropdown menu separately. If
the student modified a factor and hit ‘Ok, Change’, the system re-calculated and re-matched
with the closest persona again. Over the three-week period, the students were given specific
verbal instructions by the instructor during the class (three opportunities: third, ninth, and
fifteenth day of the study) to visit the interactive persona tool and make changes. However,
because the instructor did not allocate sufficient time for the third opportunity, only three
students viewed their personas as part of this opportunity; thus, we only report results from
the first two opportunities as part of this exploration.

We answer RQ3a: How do students use the persona tool? by a) examining the assignment
of personas to students, b) how students modified their assigned personas, and c) finally,
why some students modified their personas multiple times. Because of the small sample size,
our results are descriptive and intended to inform the iterative design of the tool.

How does student self-report compare to the personas? We refer to the persona
matched with the student’s survey response as the initial persona. 100% match occurs when
all four factors match with the survey responses. Out of the 17 students, 10 students had a
100% match. Among the remaining 7 students (less than 100% match), 3 indicated low, and

3 indicated high for all factors, respectively. This indicates that while our personas matched
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the majority of the students, it may have been helpful to have two additional personas that
represented the extremes on the motivational scale.

How do students modify their initial personas? To assess students’ motivation,
students were asked to review the persona description and, if they wanted, to modify char-
acteristics of their initial persona to be more like them. If the persona and the survey ques-
tionnaire were assessing the same construct, we would expect a) students that were matched
100% to not change their persona, and b) students with less than 100% to make modifi-
cations that move the persona to be closer to the questionnaire. 9 out of the 17 students
did not modify their initial persona even though 4 of these students had a less than 100%
match with their survey responses. Among the remaining 8 students who modified their
initial persona, 5 had a 100% match, 2 had a 75% match, and 1 had a 50% match between
the persona and their survey response. To summarize, nearly 50% of the students modified
their assigned personas, which indicates students may feel differently about their motivation
when viewing descriptions in context compared to out-of-context survey responses.

Why do some students modify their personas multiple times? Once students
modify their initial persona in the first opportunity, they are matched with the same or
another persona (referred to as Persona-1) which could also have a 100% match or less
based on the modification. Four students (P5, P9, P11, and P12) modified their initial
personas as well as their persona-1 in the second opportunity (modification in persona-1 is
referred to as Persona-2). The average number of modifications done in the initial persona
and the Persona-1 amongst these students is 2.5 and 3.25, respectively, indicating their
motivation may have changed over time. We observe students’ trajectories across the two
opportunities: in the first opportunity, students modified a factor in one direction, but in the
next opportunity, the same student modified that factor in the opposite direction, e.g., P9
modified Flam from low to high first, but in the second opportunity changed it back to low. It
could be because as P9 spent time within the context, his preferences for giving help changed.
Second, students modified the same factor in the same direction in both opportunities, e.g.,
P5 modified HSC' from high to low both times, which could indicate that the survey did
not capture the students’ actual motivational state and placing the assessment in context

increased consistency.
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5.4.3 Discussion

In this section, we described the deployment of the interactive tool in a design study
and investigated how students used the tool to report their motivation. We embedded the
personas in the interface, allowing students to report their motivation in context. This
contextually embedded, easy-to-understand narrative may lead the students to respond dif-
ferently than to surveys. It represents a multidimensional perspective on motivation as it
suggests motivation cannot be adequately explained in terms of a single construct [72]. Dur-
ing the interviews, the majority of the participants acknowledged that the personas either
fully or partially matched their motivation. In cases where there was a partial match, they
utilized the tool to modify their motivation accordingly. This indicates that the tool effec-
tively captured the dynamic nature of student motivation to a certain extent. By examining
how the students interacted with the tool and utilized its features, we aim to evaluate its
effectiveness in facilitating student engagement and understanding its potential impact on
their learning experiences.

We summarize our key observations based on the results above, which later informed
several design decisions for our subsequent classroom study (described in the next chapter).
First, with only four personas, it can be challenging for students to see the impacts after they
modify, i.e., a student might change one factor but still match with the same persona. As
such, a full factorial of personas (4 factors with 2 options for each, 4°=16 personas) could be
more meaningful, and all students can have a one-to-one mapping with a persona. Second,
adding a “no change” button in the tool could help understand student interaction with the
tool. Without such action, it was unclear whether the students did not make changes because
they were happy with their match, didn’t know what to do, or got bored/distracted. This
is especially important when we do online studies where it is difficult to observe students’
behavior and interpret their interactions. Third, students who modified sometimes moved
away from their original survey responses, which indicated the personas might be capturing
dynamic changes in the students’ motivation. It could also indicate the persona captured

either the same or different constructs as the survey items.
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5.5 Conclusion

In this chapter, we began with the co-designs to create personas for assessing motivation
dynamically and in context. The students validated the factors used to develop the personas
and brought their own perspectives in the process [7]. We embedded these personas in the
interface, allowing students to report their motivation in context. The results indicated the
personas might be capturing dynamic changes in the students’ motivation. This chapter
also described the adaptive support design using the students’ individual characteristics.
However, upon reflection, we realized the design of the support did not yield the intended
results. As a result, the analysis of support usage was excluded from this chapter. It
is definitely a shortcoming, but, we shifted our focus towards reassessing and refining the
support design to address the observed shortcomings and enhance its effectiveness in the
next chapter. In addition, due to COVID-19, we shifted the study setup to an entirely online
setup. We believe this gave us insight into the student’s help-giving participation in an online

setup as compared to the help-giving participation in a formal classroom environment.
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6.0 Revised Design of Interactive Persona Tool and Adaptive Collaborative

Support

In Chapter 5, we described the development of the interactive persona tool and a three-
week-long design study conducted online where the students actively engaged in collabora-
tive activities and used the tool to report their motivation multiple times. By capturing
the changes in student motivation, we gained insights into the dynamic nature of student
motivation within the context of the learning environments. Additionally, the students also
received personalized support based on their individual characteristics (Section 5.3).

We used the observations from the design study to identify specific aspects of the in-
teractive persona tool and the adaptive collaborative support that required refinement and
iteration, which is the focus of the current chapter. We conducted a classroom study where
we implemented the revised interactive persona tool and the revised adaptive collaborative
support. Similar to the design study, the students used the interactive persona tool during
the study period. Hence we investigate the same research question as in Chapter 5, RQ3a)
How do students use the (revised) persona tool? By examining the student interactions with
the persona tool, we sought to determine if the findings from the previous implementations
were consistent. This would emphasize the need for such a tool to assess and address student
motivation within context.

Furthermore, by analyzing the data collected from the interactive persona tool, we aim
to understand whether the modified characteristics better predict students’ collaborative
participation compared to their survey responses. We investigated RQ3b) How does inter-
action with the persona tool relate to students’ help-giving participation across the different
platforms? This would further support the idea that the interactive persona tool assesses
student motivation and is a useful predictor of their collaborative patterns. Thus, one of the
main contributions of this chapter is to demonstrate that a persona-based approach may be
an effective alternative for assessing motivation within ITSs.

The ultimate goal of our work is to support student collaboration across different plat-

forms. We continue to investigate the fourth overarching research question, RQ4: How can
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we design adaptive collaborative support using student motivation and context? Previously,
we used only individual characteristics to provide adaptive support (described in Section
5.3). As we recognized that motivation depends on platform affordances, we revised the
adaptive support system using both individual characteristics and platforms. We designed
the adaptive support using a combination of prompts in the form of sentence starters and
badges as a reward to encourage constructive participation.

To assess the effectiveness of the adaptive support, we investigated the two sub-research
questions related to the overarching research question R()4. The first sub-research question
is RQ4a: How did the students use the support across the three platforms?. This focused
on understanding how the students used the support, including the sentence starters and
badges, across the three platforms. The second sub-research question is RQ4b: What is the
relationship between student support usage and student participation?. This aimed to explore
the relationship between student support usage and their participation levels. By examining
this, we aimed to gain insights into how the support influenced participation behavior in
different contexts.

The overview of this chapter follows: In Section 6.1 and in Section 6.2, we describe the
revised interactive persona tool and the revised adaptive collaborative support, respectively.
In Section 6.3, we describe a classroom study where we deployed the UbiCoS system, in-
cluding the tool and the adaptive support system. In the results section 6.4, we have two
sub-sections: one reporting the results related to students’ interactive persona tool usage
following the overarching research question, RQ)3 and the other reporting the results related

to students’ support usage following the overarching research question, RQ)4.

6.1 Revised Interactive Persona Tool

In the previous chapter, we examined the usage of the interactive persona tool (Figure
11a) and how students interacted with it to modify their individual characteristics during the
design study. However, our analysis revealed certain challenges with the tool, prompting us

to make revisions before conducting the classroom study (described later in this chapter). For
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instance, the limited number of personas (four) made it challenging for students to perceive
the impacts of their modifications, as they could still be matched with the same persona
even after making changes. Additionally, it was difficult to interpret why students chose not
to make any modifications. Hence, we revised the interactive persona tool. Furthermore,
the number of times the students were asked to use the tool was insufficient to thoroughly
investigate the dynamic nature of motivation.

Revision of the Interactive Persona Tool In order to address the challenges identified
in the previous study, we made several updates to the interactive persona tool (updated
design in Figure 11b). First, we introduced 16 personas (four individual characteristics and
two levels each) that allowed one-to-one mapping of factors based on the students’ survey
responses. Second, we added a button ‘No, [ feel the same’ that students can use to explicitly
indicate they did not want to change any factors (i.e., remain with the same persona the
system matched). The inclusion of such a button in the tool would help determine whether
students refrained from making changes due to satisfaction, confusion, or disengagement.
This is particularly important in online studies where direct observation of student behavior
is difficult. We also added a radio button that students can use to report how much they
resonate with the system-assigned persona on a scale of 1 (less likely) to 5 (most likely).
Both of these changes within the interface were expected to help better interpret student
interaction with the tool. Third, we used gender-neutral robot images and names instead
of the Pokemon names and images used earlier. We chose gender-neutral names with an
expectation to not bias the students.

Revision related to the Instruction of using the Tool We also modified the in-
structions regarding the use of the interactive persona tool. First, the students were given
six explicit opportunities (one at the beginning, the rest of the five others before each digi-
tal activity) to visit the interactive persona tool and make changes. This ensured students
had enough opportunity to modify the assigned persona and thus enabled us to investigate
the dynamic assessment of motivation in different contextual settings. Additionally, with
this design, we specifically asked the students to modify their motivation in relation to the
context rather than in the middle of the tasks, unlike the approaches in some literature

(32, 78]. We recognized that the students’ motivation may remain stable within our inter-
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Profile Page

Based on your answers, your profile closely matched
with Caterpie. Would you like to change anything?

| Yes, Edit |

Caterpie

Caterpie is a student in 8th Grade math class. She considers that she is
1. [notthat great at math ~|. Of course, she works with other people on
math in a lot of different settings 2.
‘ but she doesn't feel like she is very good at giving help to others V|. When it comes
to working on activities for class and other things, 3.
[ she doesn't always participate ~| Sometimes, that depends on
who she is working with. However, honestly 4.
| she prefers only working with people she knows ~| But, overall that's her math
life!

| Ok, Change |

(a) Initial Persona Tool Interface

Profile Page

Based on your answers you closely match with Sidney.

Sidney is a student in 8th Grade math class. They think that
they are pretty great at math. Of course, they work with other
people on math in a lot of different settings, and they think
they are pretty good at giving help to others. When it comes to
working on activities for class and other things, they usually do
what they are supposed to do. Sometimes, that depends on
who they are working with. However, honestly they do not
mind working with anybody. But, overall that's their math life!

i

Sidney

Let us know how much this is you!

Not at all like me () \ Very much like me

Based on your feelings today, would you like to edit any
of the choices?

Yes, Edit No, | feel the
same

(b) Updated Persona Tool Interface

Figure 11: Interactive Persona Tool Interface.

vention timeframe, but it may vary based on the platform they are collaborating in. By
focusing on the contextual connection, we aimed to capture the dynamic nature of student
motivation and its influence on collaborative activities across different platforms. Second,
in addition to the verbal instruction by the teacher, the instructions were also embedded in
the Modelbook. An example instruction looks like ‘Today you will have a digital discussion
with your classmates. As always, before you start, are there any changes you would like to

make to your profile page based on how you are feeling today?’ This way, the instruction to

report student motivation via the tool was made context-specific.
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6.2 Revised Adaptive Collaborative Support

This section describes the revised adaptive collaborative support over the primary adap-
tive support (described in Chapter 5). The design of the primary adaptive support was based
on the students’ individual characteristics. We observed a few design limitations. First, we
designed fifteen badges (three badges supporting each of the four individual characteristics
and three more badges for encouraging social behaviors) that students could get during the
collaborative activities. The number of badges could have been too overwhelming for the
students to follow. Second, as a part of the design, the students were given the option to
choose a badge they want to receive during their collaboration. However, the option to select
a badge during the collaborative activity could have been disruptive to their participation.
Third, the badges were designed following certain peer interaction theory [121, 45]. However,
the display of the prompt to select the badges before collaborative activities lacked a clear
theoretical motivation. Finally, the support only considered the individual characteristics
and did not consider the platform characteristics. In order to make the support adaptive to
the platforms, we revised the support design, including both individual characteristics and

platforms. In the revised design, we attempt to address these issues.

6.2.1 Collaborative Support Theory

To design effective support that facilitates help-giving, we drew inspiration from the
help-giving literature, where the teachers adopt different strategies to target specific student
behavior in a classroom. In several studies, the researchers train the students for effective
collaboration prior to collaboration. For example, Webb and Farivar [120] provided instruc-
tion on explaining three different skills: helping skills (e.g., asking for and giving elaborated
explanations instead of only the answer, asking clear and precise questions), basic communi-
cation skills (e.g., checking for understanding, sharing ideas and information, and checking
for agreement), and norms for group behavior (e.g., attentive listening, equal participation
by everyone).

Building on this, we have designed three supports mapping each of the terms above:
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1. Help-Giving Support: It has two sub-categories:

a. Elaboration Support (ES): providing support to give elaborated responses with jus-
tifications and reasoning;

b. Question Support (QS): providing support to ask domain related questions that will
facilitate the discussion.

2. Transactive Support (TS): providing support to encourage students to comment on
their collaborators’ response, i.e., answer questions, add further information, or correct
their statements if applicable;

3. Participation Support (PS): providing support to encourage students to participate

in general.

We expect that these supports will benefit the students in developing their domain knowl-
edge and collaborative skills. For example, elaboration support might encourage the students
to give high-level help during collaboration. Giving explanations involve cognitive restruc-
turing, which helps to understand one’s own perspectives [120]. The question support could
facilitate students’ understanding of domain knowledge by activating prior knowledge and
asking specific questions. On the other hand, transactive support is designed to allow the
interplay of giving and receiving help during collaboration. Receiving explanations benefit

students when the answers are elaborated and are actively used to solve problems [120].

6.2.2 Collaborative Support Description
As a part of the collaborative support, we planned to provide support in two ways across
the three platforms:

1. Prompt the students to participate by displaying support before or during collaboration

2. Reward badges based on students’ participation designed as positive feedback

We describe these approaches in the following two sub-sections:
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6.2.2.1 Selection of Support to Display Prior/During Collaboration

We begin by providing a description of the collaborative support that is displayed to the
students prior to or during their collaboration. The selection of a specific support to display
to the students depends on the likelihood of the constructive participation model described
in Chapter 4, the platform on which the student is collaborating, and the value of certain
individual characteristics in sequence. These steps for specific support selection are given in
Algorithm 1. We describe this in a bottom-up approach, i.e., the selection of support based
on the high/low value of individual characteristics, then the selection of support based on the
platform, and finally, the overall model for choosing the support to display prior to/during
collaboration.

Motivation Based Collaborative Support The purpose of displaying support was
to facilitate constructive participation. When giving support to the students, we provided
support based on each characteristic’s value, i.e., high and low. The variation of the support
for the high and low groups of students is theoretically inspired. Figure 12 summarizes the
support for each characteristic’s low and high values.

Low Group Support Design: We designed support for the students in the low group to
help them 1) make an elaborate response, 2) ask questions, and 3) participate in general.
As students with low math self-concept doubt their abilities, they are likely to think asking
a question publicly demonstrates they cannot solve a problem. This fear of judgment could
result in avoidance of asking questions [121]. In such a case, question support could help
these students to ask questions during the collaborative activity. For example, “You can earn
a badge by asking questions to express your confusion. Copy the phrase, and fill in the rest in
the textbox. “I am confused about [...]. Can you explain this with an example?” The support
may encourage the students to ask a question and get a question badge contributing to the
overall collaboration. Similarly, students with low help-giving self-concept lack the capability
of providing comprehensible explanations, which leads to poorly labeled explanations or
phrase explanations in confusing ways [121]. The elaboration support may particularly
help these students give an elaborated response. For example, “You can earn a badge by

explaining your answer with an example about the topic. Copy the phrase, and fill in the
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Algorithm 1 Support Selection Algorithm

Require: likelihood > 0
if likelihood > 0.3 then
support <— Transactive
else
if CON == high then
support <— Transactive
else
if plat form == M B then
if MSC == high then
support < Transactive
else
support <— Question
end if
else if plat form == KA then
if Fam == high then
support <— Participation
else
support <— Transactive
end if
else if plat form == T A then
if HSC == high then
support < Transactive
else
support <— Elaboration
end if
end if
end if
end if
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rest in the textbox. The answer is ..., since ....” The students with low conscientiousness
or students who have a preference to give help to familiar faces may not feel responsible
enough to participate in the assigned tasks [33] at a given platform. Hence in such cases,
the participation support may encourage students to participate. For example, “You can
earn a badge by appreciating others’ effort to solve the problem.” Copy the phrase, and fill
in the rest in the textbox. Good job on adding/explaining ...” The participation support is

also expected to encourage social behaviors among the group members.

Individual
Characteristics

l

high low high low high low high low
MSC Fam Con

Transactive
Support

Question Transactive
Support Support

Elaboration
Support

Participation Transactive Transactive
Support Support Support

Participation
Support

Figure 12: Support flowchart for low group and high group students for each charac-
teristic (MSC=Math Self-Concept, HSC=Help-giving Self-Concept, Fam=Familiarity, and

Con=Conscientiousness)

High Group Support Design: In contrast, for the students who are in the high group, we
designed the support to encourage the students to 1) make elaborated responses or thought-
provoking questions and 2) encourage others to participate. The transactive support was
particularly designed for this. For example, “You can earn a badge by expressing whether you
agree or disagree with others solution. Copy the phrase, and fill in the rest in the textbox. I
agree/disagree because, ... ” This may facilitate transactive behaviors within the discussion,
create an opportunity for students in the low group to practice help-giving in the form of
elaboration, and also let the students in the high group act as an implicit moderator role.

The benefit of a role moderator within a peer interaction is well established in literature [68].
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Apart from the facilitating teacher, this approach is likely to be another source to remind
the students about help-giving within the group.

Platform-Based Collaborative Support The next level of collaborative support is
based on the platform the student is collaborating in. Since there are four individual charac-
teristics, and we have platforms with different characteristics, we prioritize specific individual
characteristics depending on the platforms and select the appropriate support to display to
the students. The priority of the characteristics for each platform is based on the assump-
tions described in Section 4.2.2. The selection of the characteristics for each platform is

described in the following:

Modelbook: According to the Math Self-Concept Assumption, students with low math
self-concept are less likely to participate in Modelbook due to the fear of judgment
or fear of being wrong. Hence, providing support for low math self-concept students in
Modelbook is essential for effective collaboration. So, low math self-concept is prioritized
in the case of Modelbook.

Khan Academy: According to Familiarity Assumption, students with high familiarity
are less likely to participate in Khan Academy as these students prefer to help their
friends or peers. Hence, participation support encouraging students to participate in
Khan Academy can be helpful. So, preference for familiarity is prioritized in the case of
Khan Academy.

Teachable Agent: In the case of Teachable Agent, we consider the Help-Giving Self-
Concept Assumption. According to this assumption, students with low help-giving self-
concept are less likely to participate in teachable agent because they are unable to com-
pose elaborated responses in a short time. So, elaboration support will particularly ben-
efit the students with low help-giving self-concept. Based on the assumptions, low math
self-concept may not influence the help-giving practice with the agent for the following
reasons. First, low math self-concept may not influence this platform’s participation as
there is no fear of judgment since it is an agent. Second, we also provide the solution
script of the problems, which the students can use to explain the solution to the agent.
Third, the teachable agent task requires the students to explain the problem’s steps to

the agent. So, giving them elaboration support may improve students’ help-giving skills
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and allow them to practice elaboration with the agent.

Overall Adaptive Collaborative Support Selection We described the design of the
adaptive collaborative support considering both the platform the students are giving help
in and their individual characteristics to select the appropriate support to display. Figure
13 demonstrates the high-level steps for this: the computational model gives a likelihood of
students’ constructive participation. This likelihood of constructive participation for a given
platform was calculated by using the model equation described in Chapter 4 (Section 4.2.4).
If the model outputs some likelihood of constructive participation, we display transactive
support to the student. This support is designed to improve the ongoing collaboration by
building on others’ contributions. When the model outputs the opposite, the collaborative
support system identifies which platform to give support to and then chooses the respective
individual characteristic to display the support to the students. The algorithm following
Figure 13 is given in Algorithm 1.

N characteristic ) Support
~, NOT likely to Platform s e_"s = Selection
participate it Selection (Question
Model Prediction (Modelbook (Math & Help-Giving Elaboration
' Self-Concept, !
Khan Academy, Familiarity, Transactive,
RGEE aAment) Conscientiousness) Participation
Likely to / / Support)
participate \
_( Transactive
L Support

Figure 13: Selection of support based on platform and then students’ individual character-

istics.

The primary adaptive collaborative support described in Chapter 5 (Section 5.3) only
considered students’ individual characteristics. However, the student characteristics seem to

interact with the platform affordances and influence their collaboration. Hence, the revised
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adaptive collaborative support in this chapter aims to address the limitations of the previ-
ous approach and adapt the collaborative support depending on the platform the students
are collaborating in. We investigated the effectiveness of this design in a classroom study

(described later in this chapter).

6.2.2.2 Providing Badges as Positive Feedback

The second part of the adaptive support is the badges. We designed badges as a reward
for student participation, i.e., a way to recognize and reinforce constructive participation
behaviors. The selection of the badges was inspired by the peer interaction theory described
in the previous chapter [121, 45]. There are nine badges (Table 22) for the four support
groups mentioned above. The purpose of the elaboration badges is to encourage discussion.
Question badges are designed to encourage asking clarification or thought-provoking ques-
tions. Transactive badges are expected to facilitate building on others’ comments. Finally,
the participation badges encourage the social aspect of collaboration. Following the positive
feedback-only design, the badges included a content-free affirmative message (helps to reduce
student uncertainty about the correctness of their participation) and a content-full message
(helps to indicate the step taken by the student is productive for the conversation) [77]. An

example is shown in Figure 14b.

Table 22: Definition of different badges used in Classroom Study.

Support Type ‘ Badge Names (Definition)

Elaboration | Brainstorm (initiate a problem solution)
Elaboration (explanation of a step to solve a problem)
Summarize (briefly mention the main points of a solution)

Question Question (wh questions)

Transactive | Add On (provide additional comments on a solution)
Feedback (react to others’ solution)
Reflection (Providing own opinion on a solution)

Participation | Appreciate (recognize effort of others to solve a problem)
Social (thanking fellow collaborators)
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HELP

How Can | Earn A Badge?

You can earn a badge by explaining your answer with

an example about the topic. You earned the Elaboration badge! X

Copy the phrase, and fill in the rest in the textbox.

The answer s ..., since ....

(a) Example of Elaboration Prompt (b) Example of Elaboration Badge

Very Good! This will benefit
your help-giving skills.

Figure 14: Example of Adaptive Collaborative Support

6.2.3 Collaborative Support Implementation

As mentioned, we provided collaborative support in two ways across the platforms: a)
encourage students to earn a badge via a prompt including a sentence starter to facilitate
collaboration (Figure 14a); and b) reward badges designed as positive feedback based on
students’ utterances (Figure 14b). We now describe the implementation details regarding

the adaptive support.

6.2.3.1 Displaying Support Prior/During Collaboration

Based on a student’s self-reported motivation, a specific prompt was displayed at the
beginning of each digital activity following Algorithm 1 (algorithm implemented following
the high-level Figure 13). Figure 14a shows the interface of the prompt designed to encourage
students to earn a particular badge by including a message and a sentence starter to help
them participate. We expect this will encourage the students to get an elaboration badge.

There was also an on-demand option within the interface to view the support as needed.
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6.2.3.2 Classification of Student Utterances and Rewarding Badges

In the design study, we used a simple keyword-based approach to reward badges to the
student based on their contribution to the discussion. In this revised design, we took a more
automatic approach to detect specific utterances and reward badges as needed.

Different methods can be seen to automatically classify student utterances and provide
feedback or context-sensitive collaborative learning support [94] as needed. For example,
some studies use a keyword-based approach combined with a rule-based approach to detect
certain utterances [114]. Another approach widely followed is the similarity measures [3].
This measure compares the given utterance with some pre-defined content and determines
how closely the utterance match. Recent studies are using automatic detection of students’
collaborative utterances using machine learning classifiers [94]. For example, Rosé et al.
[94] applied text classification technology to a large CSCL corpus and identified the relevant
linguistic features within a collaborative discourse. Joshi et al. [60] automatically assessed
students’ collaborative discourse using the concept of transactivity to summarize educational
dialogue. Ai et al. [6] investigated transactive contribution in whole-group classroom dis-
cussions. Some research uses speech act classification methods to classify student utterances
into a set of pre-defined categories, e.g., question or fact [96]. Samei et al. [96] proposed su-
pervised machine learning models to explore the role of context (i.e., speech acts of previous
utterances) for the classification.

In our case, we used semi-automatic detection of student utterances and rewarded a
badge to reinforce the positive aspects of a student’s utterance to guide student collabo-
ration. We assessed students’ utterances across the three platforms using an off-the-shelf
classifier DialogTag and a custom-built keyword-based algorithm. “DialogTag” uses a neu-
ral architecture based on BERT to assign a dialog act to a sentence. DialogTag uses a
subset of the Switchboard-1 corpus, which consists of about 2,400 two-sided telephone con-
versations among 543 speakers with about 70 provided conversation topics. We used this
classifier to automatically classify student utterances into existing labels such as a question,
feedback, reflection, appreciate, and social. Table 23 gives the example of the tags assigned

by DialogTag and the badges we assigned based on that.
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Table 23: DialogTag tags associated with different badges and their examples from the data.

Badges \ Tags by DialogTag \ Example from data
Question Wh-Question, Is there a different way to do this with non-
Open-Question, proportional relationships?

Rhetorical-Question, or
Yes-No-Question

Feedback Action-directive Try watching it again and take notes on what
you do understand.:)
Reflection Agree/Accept yes i agree because the ratio 3:1 is in every paint
splash painting
Appreciation Appreciate No data
Social Conventional-closing yes you're Welcome <name>..

The keyword-based approach classified the utterances into one of the remaining four
categories (brainstorm, elaboration, summarize, and add-on). For instance, in addition,
furthermore, moreover, keywords were used to classify ‘Add on’ utterances. When any
student fulfills the condition for a badge, s/he receives the notification about the badge
immediately on the screen, as shown in Figure 14b. Students can view all the badges
awarded to them for each platform on a badge page, which also shows the badges which

have not yet been achieved.

6.3 Classroom Study: Implementation of the Revised Interactive Persona

Tool and the Revised Adaptive Collaborative Support

We integrated the revised interactive tool and the revised adaptive collaborative support
and deployed the system in a classroom study (n=76). The primary goal of the study was to
examine the effectiveness of the interactive persona tool and the adaptive support provided to
the students. In this section, we describe the classroom study and report the results related
to RQ3: How can we assess student motivation dynamically and within context? and RQ4:

How can we design adaptive collaborative support using student motivation and context? The
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findings of RQ)3 will provide us with insights into how students’ motivation fluctuates during
collaborative activities and how it influences students’ help-giving participation. Similarly,
the findings of RQ)4 will enable us to develop a collaborative support system that can adapt

and respond to individual student’s preferences and motivational states.

6.3.1 Method

The study was conducted across five classes in a middle school math classroom in the
southwestern United States. We had two conditions: limited technology and full technology.
Two of these classes were part of the limited technology condition, which used ModelBook as
a source for the curriculum and to collaborate with others. The remaining three classes were
part of the full technology condition, where the students used ModelBook, Khan Academy,
and the Teachable Agent for collaboration. The students in this condition received support
tailored to their individual characteristics and the specific platform they were in during their
collaborative activities (described in Section 6.2). The individual characteristics were initially
collected using a set of surveys/questionnaires at the beginning of the study. The students
used the revised interactive persona tool throughout the study to modify their individual
characteristics. In the full technology condition, we introduced an additional manipulation
that involved utilizing individual characteristics to determine the type of adaptive support
to display to the students.

Experimental Manipulation. Students from the full technology condition were ran-
domly assigned to two conditions: Survey Based Support and Persona Based Support. In the
Survey Based Support condition, the characteristic values were used from the survey which
the students completed at the beginning of the study week. In this case, the support dis-
played to the students remained the same throughout the study because the characteristics
obtained from the survey were fixed. In contrast, in the Persona Based Support condition,
the characteristic values were used from the interactive persona tool, which the students
used before each digital collaborative activity during the study. In this case, the support
displayed to these students might have changed if the student changed their characteristics

using the tool during the study. The students did not know which conditions they were as-
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signed to, and all the students used the interactive persona tool to report any change in their
motivation. Our hypothesis was that the students in the Persona Based Support condition
would collaborate better as they received support based on their reported characteristics
compared to the students in the Survey Based Support condition, where their characteristics
are the same throughout the study.

This experimental design was a between-subjects design where each student was assigned
only one condition; however, it is a within-class design as there might be multiple conditions

present in the three classrooms.

6.3.1.1 Participants

All 135 students in the five classes were invited to participate, and 76 students provided
parental consent. The breakdown of the number of students between the limited condition
is 24, and the full technology condition is 52 (Survey Based Support condition=24, Persona
Based Support condition=28)). Students ranged from 12 to 14 years old. Self-report demo-
graphic data for the 76 consenting students follows: 21 males; 36 females; 2 other, 1 prefer
not to answer; 16 no response; 1 Asian/Pacific Islander, 5 Black or African American, 19
Hispanic or Latino, 1 Native American or American Indian, 17 White, 14 Other, 3 Prefer

not to answer, 16 no response.

6.3.1.2 Measurements

Learning Assessments. We assessed learning outcomes using two isomorphic forms for
the pretest and posttest. We intended to counterbalance the forms (i.e., half the students
received Form A for the pretest, and half received Form B). However, during the study,
students in one condition received Form A first and B second, and students in the other
condition received Form B first and A second. Students received the opposite form for
the posttest. Assessments were created in a collaborative process between the classroom
teacher, modeling teacher, and research team to align the assessments with the content and
state standards.

Motivation Pre-Measure. We asked the students to fill up motivational assessments
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twice: one prior to the intervention week and one after the students reached the end of the
study. For the pre-motivational assessment, we used a survey consisting of the following:
Math self-concept was adapted from the Programme for International Student Assessment
[88], e.g., ‘I have always believed that mathematics is one of my favorite subjects.” Help-
giving self-concept was adapted from Expectancy Value Theory [13] and Self Description
Questionnaire-11 [71], e.g., * I'm confident that I can help others to learn the basic concepts
taught in my math class.” Familiarity was adapted from the Social Anxiety Scale for Children
[64], e.g., ‘I don’t get nervous when I talk to new kids.” Conscientiousness was adapted from
the Big Five Questionnaire-Children [12], e.g., ‘When [ finish my homework, I check it many
times to make sure I did it correctly.” All the items were measured using a Likert scale

ranging from 1 (“Strongly Disagree”) to 5 (“Strongly Agree”).

6.3.1.3 Procedure

Our partner school followed a block schedule where classes were longer than standard
(each class was around 115 minutes) and met every other day. Each Wednesday, the school
had early dismissal, so classes on that day were 60 minutes. The study ran over a four-week
period with approximately 12.5 hours of instruction (7 class periods) for the full and limited
technology conditions.

The study was conducted in Spring 2021, during the Covid-19 pandemic, thus, students
had the option of attending class in-person or remotely. Remote students (n=34; 9 limited
technology, 25 full technology) attended via Google Meet. Two teachers facilitated the
student interaction during this period: a former teacher led the class online (since the school
was closed to visitors), and a classroom teacher helped to conduct each class in person. The
model teacher was the lead teacher for each session, and the classroom teacher was primarily
in charge of classroom management.

There were seven class meetings over the course of four weeks. Students across both
conditions followed similar curricula. On the first day, students were given an overview of
the study, took the pretest (administered using Google Forms), completed a survey where

they shared their demographic information and answered the motivational surveys, and
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were introduced to either the limited technology or full technology versions of ModelBook.
The students in the full technology condition engaged in multiple digital activities (e.g.,
Modelbook, Khan Academy, and a Teachable Agent) where they worked in small groups,
individually, or together as a whole class. On the second day, the students worked with
ModelBook and were introduced to the first modeling activity (Perfect Purple Paint), which
required students to find a ratio of red and blue paint to make a specific color of purple paint.
In the third class, students discussed the definition of a ratio as a class and prepared an
online whiteboard containing their small group’s answers using the Modelbook chat feature.
On the fourth day, students worked with the Teachable Agent individually for the first
half of the class. Following this activity, they worked in their collaborative Modelbook
chat groups to discuss an activity where they used the Paint Splash Phet tool to model
their understanding of the material from class. On the fifth day, students collaborated in
ModelBook’s gallery discussion to chat about equivalent ratios and watched a video from
Khan Academy on proportional relationships. On the sixth day, students were instructed
to post a comment in Khan Academy after watching a video on ratios. After watching the
Khan Academy video, the students used the Modelbook chat to post a question or answer
questions posted by others. They also worked in their Modelbook chat groups to discuss
real-life examples of proportions (e.g., cooking, baking, shopping) and started the second
activity, Buggy Lab, an activity that allowed them to use their understanding of ratios and
proportions to model the speed of a moving car. Finally, on the seventh day, students were
instructed to find the question or comment they posted in Khan Academy to see if anyone
had responded to their post. Students were then asked to post an additional response to that.
Students also engaged in a gallery discussion to review their previous work on the Buggy Lab
activity and took the post-test on their final day. In summary, after the completion of the
study, we had one teachable agent interaction, two Modelbook digital discussions, and two
Khan Academy discussions. Due to the hybrid arrangement, all the collaborative activities

happened digitally.
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6.3.2 Results

We first present the overall learning outcomes across the three conditions. Then we
present the results related to the two research questions RQ)3 and R@)4. The findings of
RQ3: How can we assess student motivation dynamically and within context? will provide
insights into how students’ motivation fluctuates during collaborative activities and how
it influences their help-giving participation. Similarly, the findings of RQ4: How can we
design adaptive collaborative support using student motivation and contexrt? will enable us
to develop a collaborative support system that can adapt and respond to individual students’
preferences and motivational states.

Learning Outcomes. We began our analysis by looking into the learning outcomes
for the three conditions Limited Technology condition, Survey Based Support condition, and
Persona Based Support condition. We calculated adjusted learning gain using the formula
(Posttest-Pretest) /(100-Pretest). We used adjusted learning gain to measure student learn-
ing because it accounts for students’ initial knowledge, providing a more accurate measure of
their actual learning progress during the intervention, while post-test scores alone may not
consider the starting point, leading to potentially misleading conclusions about the effective-
ness of the intervention. We then conducted a one-way ANOVA to investigate the difference
between learning among the conditions. Table 24 shows the mean and standard deviation
of the learning outcomes for each condition. The one-way ANOVA revealed no statistically
significant difference in learning among the three groups (F(2, 57) = 2.311, p = .108). This
demonstrates that there is no evidence of learning in this study. This was possibly due to
the limited opportunities for practicing help-giving, or the test did not reflect the skills we

wanted to measure.

Table 24: Learning outcome scores for Classroom Study. N=# of Students.

Conditions (N) ‘ Mean ‘ SD

Limited Technology (N=20) -.0075 | .036
Survey Based Support (N=18) | -.0004 | .036
Persona Based Support (N=22) | .0167 | .039
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6.3.2.1 Investigation of RQ3: How can we assess student motivation dynami-

cally and within context?

The third research question aims to investigate the usage of interactive persona tool.
We answer both RQ3a: How do students use the persona tool? and RQ3b: How does inter-
action with the persona tool relate to students’ help-giving participation across the different
platforms? using the data from the classroom study.

RQ3a: How do students use the persona tool?

Based on the pre-motivational survey responses, students were mapped with one of the 16
personas (100% match). The following are the total number of high and low students for each
factor: MSC (21, 31), HSC (20, 32), FAM (32, 20), and CON (39, 13). To answer RQ)3a,
we investigated how students modified their personas throughout the six opportunities. Out
of the 52 students, three students did not use the interactive persona tool. For the remaining
49 students, we break down the findings as follows:

Did students modify their initial personas at the first opportunity? For each student, the
system-assigned initial personas are a 100% match with the questionnaire. Thus, any changes
in one of the four factors would move the students away from their survey responses. We
observe the following: (a) 33 students did not modify their initial persona; (b) 16 students
modified their initial persona.

How did the students modify their initial personas at the first opportunity? The modi-
fications done by the 16 students can be described as follows: (a) The average number of
modifications per student is 1.25 (SD=0.45); (b) Students modified each of the factors in
both directions (e.g., high to low or low to high).

How did the students modify their persona across the six opportunities? Students had six
opportunities to use the tool before each collaborative activity. During these six opportuni-
ties, we observed the following (out of the 49 students): (a) 25 students did not change their
persona at all and remained with their initial persona. This possibly means that for these
students, the questionnaire and the initial persona indicated the same constructs; (b) 11 of
them only changed their initial persona and remained with the same persona throughout.

This suggests that for these students, the questionnaire and the initial personas targeted
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different constructs, and (c) 13 students modified their initial persona either at the later
opportunities or modified both at the first opportunity and later opportunities (indicating
multiple modifications). Similar to the design study, unidirectional and bidirectional modifi-
cations were observed on the same factors. This possibly indicates that students’ motivation
changed depending on the context or their interaction with others.

RQ3b: How does interaction with the persona tool relate to students’ help-
giving participation across the different platforms?

To answer RQ)3b, we looked into students’ modification of personas and their help-giving
participation across the three platforms: Modelbook, Khan Academy, and Teachable Agent.
We considered three sets of personas for this analysis: Initial Persona is the persona
assigned to the students based on their survey responses, and Modified Persona is the
persona when the student modified their initial persona the first time. Final Persona is
the persona reported as of the last day of the students’ using the persona.

We ran three linear regression models to predict students’ total collaborative participa-
tion using students’ (n=49) persona data as independent variables, i.e., initial, modified,
and final persona, respectively, and the total collaborative participation as the dependent
variable. A student’s total collaborative participation on a platform is defined as the total
number of utterances made by each student on that particular platform.

All three models are repeated for each of the three platforms. We would expect the
modified persona will be more predictive than the initial persona as the students changed
one or more motivational factors with respect to the surveys. However, the model with the
final personas may behave differently as it includes students’ later or multiple modifications
during the study and thus may lack the ability to explain their total participation.

According to Table 25, For both Modelbook and KhanAcademy, the modified models
give better and significant R? values. The modified persona regression models suggest that
at least 25% of the variance in the total participation can be explained by the predictor
variables for these two platforms. This could mean that the modified personas are better
predictors, and personas might better assess student motivation for people who modified
once at the first opportunity. However, for teachable agent, none of the models or factors

are significant. It could be because students may be influenced by factors such as rapport
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Table 25: Linear Regression Models (n=49) with different Personas as predictors and Total
Participation as dependent variable. Here, MSC=Math Self-Concept, HSC=Help-giving Self-

concept, Fam=Familiarity, Con=Conscientiousness. */** indicates a significant p-value.

Standardized Coefficients
MSC | HSC | FAM | CON

Platform Model | R? (p-value)

initial 0.224 (.047) 20 27 .05 Rk
Modelbook modified | 0.383 (.001) | .51** | -.08 | 0.06 | .38**
(0.01)

final 0.295 (0.01 A5%* .03 .08 27K

B4%% 1 0.09 | 0.26% | 0.10
0.31* | -0.10 | 0.39** | 0.13
0.33%¢ | 0.02 | 0.25* .06

initial 0.232 (0.025
Khan Academy | modified | 0.259 (0.014
final 0.182 (0.072

(

(

(

24 0.10 .20 -0.14
0.16 0.00 27 -0.08
21 .07 298 | -0.05

initial 0.133
Teachable Agent | modified | 0.101
final 0.135

0.302
0.459
0.295

)
)
)
)
)
)

with the agent, the perceived expertise of the agent, and the quality of the agent’s feedback.
These factors may have a stronger influence on students’ help-giving participation compared
to their help-giving motivation.

At the end of the study, the students completed a post-motivational survey where they
were asked a single question ‘What did you think about your profile page in Modelbook?’
Students’ responses were in favor of the observed results. For example, one student said
“I think my profile page matched me and the way I feel about math.” (P27) which shows
why many students probably chose not to modify the persona narrative. Another student
said, “.. profile page fits me because ... i don’t talk to that much but during the course of
this model book, i started becoming more open to other people.” (P29) demonstrating the
dynamic aspect of the student’s motivation.

Discussion We described the design of the interactive persona tool that is contextually
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embedded to assess student motivation in intervals and presented the results of how the
students used it to report their motivation. The design of the interactive tool is inspired
by the features contextually-embedded, dynamic, and agentic. By embedding the tool and
providing instructions to use it before each digital collaborative activity within the digital
textbook, Modelbook, the entire experience became contextually integrated and seamless
for the students. Moreover, by providing the students with a broader range of personas (16
personas compared to 4 personas in Design Study in Chapter 5) to choose from and the
ability to modify their assigned persona multiple times, we ensured that they had ample
opportunities to actively engage with and adjust their motivational profiles within the tool.
This revision was crucial for investigating the dynamic assessment of motivation in different
contextual settings, as it allowed us to explore how students’ motivation varied and responded
to changes in their learning environments. Lastly, providing students with the option to
modify their motivation or keep it as is, the ability to see the updated narrative with the
latest modified response and change again as they needed promoted student agency. This
acknowledged their role as active participants in the learning process.

The results of RQ3 demonstrated the utility of this interactive tool. We observed nearly
half of the students did not modify their initial persona at all. For these students, this
indicates the questionnaire measured the same motivational constructs as the initial persona,
and their motivation remained constant throughout the study. For the other students, who
modified their motivation multiple times, when viewing the survey items in a narrative,
the students reflected on their motivation at that moment. This is consistent with the
literature. For example, Orji et al. [82] suggest students’ motivational states are likely to
vary during learning interactions. Moreover, the regression models demonstrated that the
modified personas were better predictors to explain the total participation across different
platforms. It indicates that the personas are a better assessment of student motivation for
people who modify once at the first opportunity. These findings indicate that the interactive
persona tool could be an alternative way to assess student motivation within a collaborative
context.

In summary, the interactive persona tool is a step toward understanding the dynamic

assessment of motivation within the ITSs context. According to [37], the focus on dynamic
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adaptation to student motivation using I'TSs is increasing. Excluding studies that used sur-
veys for measuring motivation, research modeling students’ motivational states are small,
suggesting a wider exploration of techniques for inferring the motivational states of students
[82]. Also, this way of assessing motivation might be particularly useful for developing ACLS.
We included multiple motivational factors as part of our personas as we observed a combina-
tion of different motivational factors, rather than a single construct, was needed to describe
student participation. In motivation research, the multidimensional perspective of motiva-
tion suggests motivation cannot be adequately explained in terms of a single construct [72].
On a practical level, it may be intractable for ACLS to respond differently to permutations
of multiple interacting motivational factors. Thus, leveraging personas can be a way for

ACLS to prioritize interventions based on logical clusters of individual characteristics.

6.3.2.2 Investigation of RQ4: How can we design adaptive collaborative sup-

port using student motivation and context?

The fourth research question aims to investigate the usage of adaptive support. The
sub-research questions are RQ4a: How did the students use the support (sentence starters
and badges) across the three platforms? and RQ4b: What is the relationship between student
support usage and student help-giving participation?

We utilized data from the full technology condition to address these sub-research ques-
tions. It is important to mention that we had a manipulation (explained in Section 6.3.1)
within the full technology condition, involving the survey-based condition and the persona-
based condition. This manipulation aimed to investigate how modifications of students’
motivation in the persona-based condition influenced the support they received and whether
it impacted their collaborative participation. We hypothesized that students in the persona-
based condition would collaborate more effectively and, consequently, learn better than those
in the survey-based condition. However, we did not observe significant differences between
the two conditions when we analyzed students’ collaborative participation (i.e., minimal,
facilitative, constructive) across the three platforms. One possible reason for this finding is

the mismatch between a student’s modification of a characteristic and the factor associated
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with that platform for displaying support. For instance, students were asked to modify their
motivation before each digital collaborative activity. If a student modified the help-giving
self-concept characteristic and the next activity was in Modelbook, the support displayed
in Modelbook would not change, as the priority was given to the math self-concept. The
support would be based on the high/low value of the math self-concept for that student in
the context of the Modelbook. As a result, the analysis did not yield conclusive results,
and we chose to report the findings of R()4 sub-research questions by collapsing these two
conditions.

Before diving into the sub-research questions, we look into the different types of support
the students received. Out of the 52 students, 65.38% received only transactive support,
19.23% received two different supports, 9.62% received three different supports, and 5.77%
did not receive any support at all. The reason for the transaction support to be the pre-
dominant support could be explained using the Algorithm 1 (see Figure 13). It could be due
to the likelihood of participation being greater than 0.3 (based on previous data) or a large
number of students reporting high conscientiousness (out of the 52 students, 39 students
reported high conscientiousness via the survey). Due to this issue of having one support
prevalent over the others, we shifted our focus to analyze how students used the support
irrespective of the support they received.

RQ4a: How did the students use the support (sentence starters and badges)

across the three platforms?

Sentence Starters Out of the 52 students, 30.76% of them used sentence starters across
the three platforms (M=4.34 starters per student, SD=4.71), and the remaining students did
not. Of the total sentence starters used by the students, 88.5% are applied during Modelbook
collaboration, and the rest are used during Khan Academy participation. Students did not
use any sentence starters while using the teachable agent.

Badges Out of the 52 students, 82.69% of them earned at least one or more badges across
the three platforms (M=4.16 badges, SD=4.59). Among the total badges earned, 26.42%
were earned using sentence starters, e.g., “In addition you can see that their graph stayed

a straight line the entire time.” earned an Add on badge as ‘In addition..” sentence starter
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was used. Utterances such as “rate of change on a graph means slope, and specifically for
this graph the rate of change is 1:10 since that’s the change in y/x” earned an elaboration
badge without using any sentence starters. There are cases when students did not use the
sentence starters while participating constructively and did not earn any badges. It could be
because while giving definitions, describing an activity, or comparing their groups’ work with
other groups, their responses might have contained very specific domain-related words, e.g.,
in response to an activity related to ratios, one student replied, “the ratios are equivalent
which means that the paint will be the same color but will be in different quantities.”
Furthermore, of the total badges, 50%, 12.26%, and 37.74% were awarded in the Mod-
elbook (MB), Khan Academy (KA), and the Teachable Agent (TA) platform, respectively.
We calculated the percentage of badges earned on each digital activity and took a deeper

look following the order of the activities that happened (Table 26):

Table 26: Percentage of different badges earned in different digital activities.

Badge Name | TA (%) | MB-1 (%) | KA-1 (%) | MB-2 (%) | KA-2 (%)

Elaboration 57.5 29.87 7.14 44.83 50
Brainstorm 27.5 5.19 37.93 8.33
Summarize
Question 10 24.68 85.71 10.34 16.67
Add On 2.5 10.39 16.67
Feedback 1.25 3.9 7.14 3.45
Reflection 19.48 3.45 8.33
Appreciate 2.6
Social 1.25 3.9

First, earning badges differed across the platforms, probably due to platform or task
affordances, e.g., the appreciate, or the social badges may not be appropriate for Khan
Academy as it is a question-answer-based platform. The summarization badge was not
earned on any of the platforms, indicating that with the tasks to be completed, providing a
summarization was not common. Rather, the elaboration badge may have served a similar
purpose. Second, earning badges differed within the same platform itself. The two activities

at Khan Academy were at least two weeks apart. During the first activity, students mostly
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asked questions, but in the second activity, there was a diverse range of badges earned by the
students, possibly because they participated in the same topic and replied to others instead
of asking new questions.

Validity of the badges We examined whether the badges earned by the students were
valid. Out of the total badges, 78.77% were correctly assigned. For the rest of the badges,
we observed the following reasons for incorrect assignment: misusing the sentence starters
(13.68%); not having content-related info (4.72%); and incorrect assignment (2.83%), e.g.,
an utterance was awarded a reflection badge, but an elaboration badge would have been
more appropriate.

RQ4b. What is the relationship between student support usage and student
participation?

In order to examine the relationship between support and students’ constructive partic-
ipation across the three platforms, we ran three separate regressions. First, we ran a simple
linear regression with the average number of constructive participation in Modelbook as a
dependent variable and the average number of sentence starters used in Modelbook, and
the average number of badges earned in Modelbook as independent variables, controlling for
motivational factors (MSC, HSC, CON, FAM) and pretest.

Table 27: Simple Linear Regression with Average No. of Support as predictors and
Avg. No. of Constructive Participation as the dependent variables controlling for motiva-
tional factors and pretest. Here, MSC=Math Self-Concept, HSC=Help-giving Self-Concept,

Fam=Familiarity, Con=Conscientiousness. Significant predictors are indicated in bold.

Predictors Modelbook Khan Academy | Teachable Agent

R? 0.792 (<.001) | 0.466 (.001) 0.222 (.238)

MSC -0.012 (.904) | - 0.015 (.920) 0.149(.464)

HSC -0.093 (.353) 0.027 (848) -0.024(.912)

Fam 0.115 (.178) 0.391 (.005) 0.070(.694)

Con 0.091 (.291) 0.219 (.099) 0.155(.402)

Pretest 0.273 (.016) | 0.381 (.007) 0.219(.244)

Avg. No. Sentence Starters | -1.165 (<.001) -0.126(.355) 0

Avg. No. Badges 1.449 (<.001) -0.153(.270) 0.297(.155)
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Table 27 indicates that both Modelbook (R*=.792, F(7,39)=17.418, p<.001) and Khan



Academy (R%*=.466, F(7,43)=4.492, p=.001) models are significant. In Modelbook, pretest
(8=0.273, t=2.552, p=.016), and the average number of sentence starters (S=-1.165, t=-
6.524, p<.001) and badges (6=1.449, t=7.734, p=p<.001) being the significant predictors in
the model. In the case of Khan Academy, the sentence starters and badges are not predictive;
instead, pretest (5=0.381, t=2.841, p=.007) and familiarity (5=.391, t=3.021, p=.005) are
the significant predictors in the model. For the teachable agent, the model is not significant
R?=.222, F(6,36)=1.425, p=.238, and there is no significant predictors.

We conducted a regression using posttest scores as the dependent variable and pretest and
average badges earned in each platform as independent variables. The model is significant
R*=.706, F(4,28)=14.384, p<.001, however, only the pretest is the significant predictor
(B=.7, t=5.442, p<.001). The average number of badges earned on different platforms did
not influence student learning.

Discussion Our findings related to R()4 particularly highlight how the support system
that imperfectly models the domain might still form the basis for feedback that leads to
better collaboration in ill-defined collaborative I'TSs. Leveraging student motivation and the
platforms, the collaborative support was designed using a combination of sentence starters
and badges. We summarize the findings: first, badges did not have a significant influence
on learning outcomes. The lack of learning could be due to the voluntary nature of student
participation and the limited time to engage with the system [103]. This finding is consistent
with previous research that did not find any negative effects on learning that could be tied
to badges [47]. In our case, we designed the badges following a positive-feedback-only design
to reinforce the positive aspects of a student’s utterance, e.g., giving help using explana-
tions and asking clarification questions. Second, some students used sentence starters which
helped them to participate and earn badges. In Modelbook, both sentence starters and
badges were predictive for constructive participation. However, a negative coefficient for the
average number of sentence starters used indicates students who used sentence starters less
frequently were more likely to participate constructively. This suggests that the use of sen-
tence starters to facilitate help-giving may not be ideal for synchronous chat-like discussions.
Moreover, the findings show that the badges were correlated with constructive participation

independent of the pretest in Modelbook, suggesting that it is possible they may have led
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to more constructive participation in that platform. Students also had positive feedback
on the badges. In a post-motivational survey, 30 students answered a single open-ended
question on their perceived usefulness of the badge system. Students’ responses (enclosed
in parenthesis) revealed that badges were a useful way to guide them during collaboration
(“I think the badges are a good way of showing my help was useful to others.”), enhance
motivation by providing a sense of achievement ( “I thought the badges were well received for
the tasks I did.”), and acknowledge their effort to help others ( “I like the badges since they
do acknowledge what you should do.”). Lee et al. [66] describes a similar observation, i.e.,
how badges helped to increase students’ sense of recognition, promoting their motivation and
engagement. Third, we observed badges operate differently across different contexts, and in
different contexts, different badges might be appropriate. Hence, to design such support,
context, and task affordances should be considered. For example, students earned fewer
badges at Khan Academy than on other platforms. This could be because authoring ques-
tions and responding to questions are more demanding and time-consuming tasks. Since the
students were asked to complete the task within the classroom, some students likely didn’t
get enough time to respond and hence didn’t get badges. Moreover, the teachable agent
allows spoken synchronous collaboration, so choosing sentence starters in the middle of such
activity could have impacted the flow of the conversation. Future studies should investigate
how different contexts impact sentence starter and badge design and further explore the

benefits of positive feedback in a cross-platform collaborative environment.

6.4 Conclusion

This chapter describes the revised interactive tool to assess students’ motivation dur-
ing the study. It also describes the revised collaborative support based on the student’s
individual characteristics and the platforms. We then describe a classroom study where we
implemented both the revised interactive tool and the adaptive support. The results de-
scribe how the students used the tool to report their motivation prior to collaboration. The

results also demonstrated the badges were successful in facilitating collaboration in one of
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the platforms. Future studies should investigate platform affordances while designing the

support using badges.
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7.0 Investigating the Generalizability and Transferability of the
Computational Model

In Chapter 4, we presented the development of an explanatory model that aimed to
describe how students with different characteristics participating in different platforms choose
to participate constructively in a given platform. By leveraging the data collected from the
design-based research study (described in Chapter 3), this modeling approach is able to
explain why certain students exhibited constructive participation behavior while others did
not. The need for such an explanatory model in education research is emerging as well.
Having an explanatory model which gives insight into the learners, the learning process, or
the instructional context can be useful. The model can help to gain insights into why certain
learning behaviors occur, helping researchers and educators to make informed decisions and
design more effective instructional strategies. In favor to this, Rose et al. [95] argue that
machine learning predictive models alone are not always the answer, explanatory learner
models can offer actionable insights that might advance both learning science and educational
practice. Moreover, in the context of educational research, it is typical to have a small sample
size due to various reasons, e.g., limited participant availability, consent issues, etc. In such
a case, due to the lack of enough data, predictive models can be difficult to generate. All
these encouraged us to focus on developing an explanatory model.

Although the primary objective of an explanatory analysis is to develop a model that
explains the underlying mechanisms and factors influencing the observed outcomes, priori-
tizing understanding over predictive accuracy, it is crucial to report the model’s predictive
qualities alongside its explanatory power to ensure a comprehensive evaluation [100]. By
including information about the model’s predictive capabilities, researchers can assess its
overall performance and make fair comparisons with other models, leading to a more thor-
ough understanding of its effectiveness and practical applicability. Hence, in this chapter,
we investigated whether the computational model is generalizable to other study contexts.

We explore the generalizability in two ways. First, we evaluate how well the compu-

tational model explains students’ constructive participation in unseen data to assess its
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generalizability and predictive performance. By testing the model on new and previously
unseen data, we can determine its ability to accurately explain students’ participation be-
havior in different contexts, beyond the data used for model development. This evaluation
helps to ensure that the model’s explanatory power is not limited to the specific dataset
used during training and that it can provide meaningful insights and predictions in formal
classroom collaborations. So, we address one of the last two research questions of RQ)2, 2c:
How well does the computational model explain the students’ constructive participation in
unseen data? Second, we explore whether the model is transferable to a new study context.
Due to COVID, we had the opportunity to conduct studies in different setups, e.g., the
design study in Chapter 5 was conducted online, and the classroom study in Chapter 6 was
conducted in a hybrid setup. By transferring the model, we assess whether the model can
be extended to incorporate a new parameter, such as in-person vs. online vs. hybrid setup,
to improve its explanatory as well predictive performance. By doing so, we can determine if
the model is robust enough to consider various contexts beyond the combined factors used
during its development, thereby enhancing its applicability and generalizability in different
educational settings. We address the last sub-research question 2d: Is the computational
model transferrable beyond the context it was built?

This chapter has two main sub-sections: in Section 7.1, we explore how well the model
explains unseen data. In Section 7.2., we describe an extension of the model beyond the

context it was developed.

7.1 Exploring the Computational Model with Unseen Data

To examine the generalizability, we apply the computational model developed in Chapter
4 on new datasets obtained from the subsequent studies (brief summary of the datasets
in Section 7.1.1). We measured the accuracy of the predicted probabilities by calculating
Brier Score. Brier Score measures the overall accuracy and calibration of the predicted
probabilities, where a lower score indicates better performance. We explained Brier Score in

detail in Chapter 4 in Section 4.3.1. Since the comparison of the different models are done

129



using different datasets, the models will not be comparable by means of likelihood-based

criteria such as AIC/BIC, so we will be using Brier Skill Score instead.

7.1.1 Description of the Datasets

Description of the Datasets We have student participation datasets from three differ-
ent studies: design-based research study (Chapter 3), design study (Chapter 5), and class-
room study (Chapter 6). Each of these datasets includes student participation data from
all three platforms: Modelbook digital discussions, Khan Academy postings, and Teachable
Agent problems. We used the Help-Giving Coding Scheme (section 3.3.2.1) to label each
interaction as constructive participation or not. Table 28 shows the collaboration mode,
the total number of observations, and a breakdown of the number of observations across
the platforms for each study. We noticed that the Modelbook has the highest number of
observations for all the studies. For the remaining part of this chapter, we refer to each

dataset with respect to the collaboration mode.

Table 28: Description of dataset for each study. Here n is the number of students.

Study (n) Collaboration Mode | Total Num- | No. of | No. of Obs. | No.
ber of Obs. | Obs. in | in Khan | Obs.

of
in

Modelbook | Academy Teachable

Agent
Design Based Research (n=16) In-person 755 462 148 145
Design Study (n=17) Online 275 175 22 78
Classroom Study (n=>52) Hybrid 928 657 81 190

7.1.2 Experiments

We conducted two experiments where we used different datasets to build the model and
investigated the sub-research question 2c: How well does the computational model explain
the students’ constructive participation in unseen data?

Experiment 1: In the first experiment, we trained the model with the in-person dataset

and investigated how the model is generalizable to the online and the hybrid study data sep-
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arately. In this case, the model does not have any information about the online participation
and we’d like to see how it behaves with the unseen online and hybrid data.

Experiment 2: In the first experiment, the model does not have any knowledge about
the online data, and was applied to datasets that both had students’ online participation.
So, in the second experiment, we combined the in-person and online data, and use the
combined dataset to build the model. We then investigated how this model is generalizable
to the hybrid study data. Since, this model has knowledge about both in-person and online
participation, our hypothesis is that the model from the second experiment might lead to a

better fit for the hybrid dataset compared to the model in the first experiment.

7.1.3 Results

We report the results of the two experiments described above. We use Brier Scores to
report the quality of probability predictions for each model and use Brier Skill scores to
compare the predictions across the models. We don’t use any likelihood scores such as BIC
as they are used to compare models across the same dataset. We also chose the Brute Force
Main Interaction model (initially described in Chapter 4) to make a comparison with the
computational model. This is a model with a group of main and interaction effects between
the individual characteristics (M SC, HSC, and Fam) and Platform Type. We chose this
model because it uses the same explanatory variables as the computational model, but it

has no theoretical constraints as with the computational model.

7.1.3.1 Results from Experiment 1

In this experiment, we trained the model using the in-person dataset. To examine
whether the model is generalizable beyond the data that it was built, we applied the model
to the other two datasets, online and hybrid data.

Table 29 reports the Brier Scores for the computational model and the Brute Force
model. We added the Brier Scores for in-person data from Chapter 4 for comparison. We
observe two things: first, for each dataset, the Brier Scores for the computational model

are lower than the respective brute force model which leads to positive Brier Skill Scores
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Table 29: Computational Model built on in-person data and generalization test on unseen

Online and unseen Hybrid data. The bold marks the best result.

Brier Score | Brier Score | Brier Score
Model Name on In-person | on Online | on Hybrid
(unseen) (unseen)
Computational Model 2 0.267 0.184
Brute Force Model 0.207 0.282 0. 191

(Brier Skill Score = 1 - %if, detail in Chapter 4). A positive Brier Skill Score indicates
the computational model provides more accurate predictions with respect to the reference
model (here the reference model is the Brute Force model). Second, for the computational
model, in terms of Brier Score, we observed that, the Brier Score on Hybrid data < Brier
Score on In-person data < Brier Score on Online data. Based on this, the computational
model seems to generalize well on the Hybrid dataset but not on the Online dataset. Similar

behavior is observed for the brute force model as well.

7.1.3.2 Results from Experiment 2

In Experiment 2, we trained the model using the combined data of In-person and Online
datasets. We then examined if the model built on the combined dataset is generalizable
to the Hybrid dataset. Our hypothesis is that since this model has knowledge about both
in-person and online participation, it might generalize (in terms of predicted probability)
better than the model in Experiment 1. Similar to Experiment 1, we use the Brute Force
model to compare the Brier Scores.

Table 30 presents the BIC scores and the Brier Scores on the Hybrid dataset for the
computational model and the Brute Force model. The first row in the table is added from
Experiment 1 for comparison. We do not include the BIC score in the first row since the
model is built on a different dataset.

We use Brier Skill Score to compare the computational models built on two different
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Table 30: Brier Scores for the models on Hybrid data.

Brier Score

Model Name Training Data BIC on Hybrid
(unseen)
Computational Model In person 0.184

Computational Model | In person + Online | 1317.87 0.187
Brute Force Model In person + Online | 1366.24 0.195

datasets. Considering the model built on in-person data as the reference model, we get
a Brier Skill Score -.016 (=1-.187/.184); a negative Brier Skill Score indicates the current
model (computational model built on the combined data) performs poorly than the reference
model. This finding is opposite to our proposed hypothesis.

Interestingly, comparing the computational model and the Brute Force model on the
combined data, we observe the computational model has a lower BIC score, as well as a
positive Brier Skill Score (considering the Brute Force as the reference model in this case),
indicating the computational model performs well. This result is consistent with the findings

from Experiment 1.

7.1.4 Discussion

Modeling collaboration is one of the important tasks within an ACLS. While most of the
efforts in this area use student participation data to build a predictive model for collabora-
tion on a single platform, we focus on developing an explanatory model to define students’
constructive participation across the different platforms. In this section, we investigated
whether the computational model is generalizable to unseen data.

In the first experiment, we built the computational model using the in-person dataset.
We observed the computational model performs well compared to the Brute Force model
in all three different datasets. In terms of predicting probabilities in the unseen data, we

observed the computational model, as well as the brute force model, performs well for the
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Hybrid data. This indicates that the model could possibly generalize well to unseen data.
However, both models perform poorly on the online data. It could be due to the fact that
online data has less number of observations or it could be that the data is noisy. Furthermore,
from Table 29, the Brier Score for both the models is above 0.25. By definition, Brier Score
above 0.25 indicates the model is predicting everything as 50% [1]. This further supports
the fact that the performance issue could be due to the data. We recognize that the unseen
data are from completely separate studies, and each differs in how they were conducted with
different sets of students. Since the model performs well on the Hybrid dataset, this result
is encouraging.

In the second experiment, we found our hypothesis that the computational model built
using the combined dataset (in-person and online data) would perform better compared to
the computational model built using only the in-person, does not hold. But the computa-
tional model itself performs better than that of the reference model (Brute Force model).
Using the knowledge from Experiment 1, we could say it could be some noise within the
Online data that is influencing model performance.

Overall the results seem encouraging that the computational model performs well com-
pared to a reference model. In terms of generalization, the model also showed promise in

explaining unseen data, although further investigation is needed.

7.2 Transferability of the Computational Model

Using the qualitative data based on the design-based research study and the literature,
we developed the computational model in Figure 15. This study was held in person in
a classroom setup. To recap, the model included two predictors, F'12_combined and Fj
(described in Section 4.2.4). F12_combined sub-model is a combination of Help-Giving Self-
Concept (H,), Familiarity (F},), and Synchronicity (o). F3 is a combination of math self-
concept (M,) and Platform Type.

As a part of this thesis, we conducted two more studies after the design-based research:

a design study and a classroom study. Due to the COVID-19 pandemic, the design study
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Figure 15: Constructive Participation Model Visualization

(described in Chapter 5) was conducted online. Almost six months later, the classroom
study was conducted in a hybrid setup (i.e., a combination of in-person and online). This
gave us an opportunity to explore whether the computational model developed in Chapter
4 is transferable beyond the original study.

In order to do this, we introduce a function F}, which is a combination of the individual
characteristic, conscientiousness (C,), and a contextual variable, presence (7). Conscien-
tiousness refers to the dutifulness of a task. As with any other individual characteristic,
C, takes the values {0, 1} for {low, high}. The presence variable has two levels, {online,
in-person }, and takes the value {0,1}. Similar to the other sub-models described in 4.2.3, we
define Fy by a two-way table (Table 31). Our reasoning about the corresponding two-way
table follows the assumption that if a student has low conscientiousness, then the likelihood
of constructive participation decreases in an online environment (therefore negative value),
but may or may not participate constructively in an in-person setup, so the likelihood re-
mains the same (therefore zero). In contrast, if a student has high conscientiousness, then
the likelihood of constructive participation increases both in the online and in-person en-
vironment, but the likelihood might be more in an in-person setup, because the students
are in a formal environment (with students and teachers around them). Quantities are thus

assigned to the corresponding Table 31. Adding this F; parameter in the model will allow
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us to investigate whether our modeling approach is transferable to a new study context.

Table 31: Fy Table with values filled in.

e = Online | 7, =In-person
Cp=high 0.5 1
Cp=low -1 0

Figure 16 presents a graphical representation of the extended model.

F12 Combined

. Help-Giving Self-
Concept (H,)

‘ Sync vs. Async |
: (CN

‘ Familiarity (F,) ‘ )

Conscientiousness ‘ Math
(c,) Self-Concept (M,)
:‘J_ﬁ F4 | —————————— F3
In-person vs. . ‘ Human vs. Agent ‘
Online (Y.) ‘ M) |

Constructive
Participation (CP)

Figure 16: Computational Model with F; Parameter

7.2.1 Building the Extended Computational Model

The sub-research question we want to answer through this section is 2d: Is the compu-

tational model transferrable beyond the context it was built? To explore the effects does Fj

sub-model on student constructive participation, we built the extended computational model

(Figure 16) with the combination of in-person and online data and ran a GLM (general linear

model) function and specify family=“binomial” so that R fits a logistic regression model to

the dataset.
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7.2.2 Results

We get the odds ratio (exponentiated coefficients) and their confidence intervals using

standard error in Table 32:

Table 32: Coefficients, Odds Ratio, and Confidence Interval for the Extended Computational

Model. ** indicates p-value < 0.001, indicating significant predictors.

‘ Coefficients ‘ Odds Ratio ‘ 2.5% CI ‘ 97.5% CI ‘ p-value

Intercept -.7274 0.4831227 | 0.3772750 | 0.6186668 | 0.00**
F12_combined .3538 1.4244655 | 1.2652958 | 1.6036581 | 0.00**
F3 6313 1.8801236 | 1.5006430 | 2.3555667 | 0.00**

F4 -.7742 0.4610558 | 0.3480287 | 0.6107902 | 0.00**

All of the factors (including the intercept term) presented to be significant predictors. If
the odds value is less than 1.0, this indicates that an increase in the predictor decreases the
odds of the outcome occurring. In contrast to F12_combined and Fj3, each additional increase
in F} is associated with a 53.9% decrease in the odds of students participating constructively.

Next, we investigate the BIC scores and Brier Scores for the extended computational
model and Brute Force Model. We applied both models to the unseen Hybrid data and
investigated the generalizability of the extended model. We recomputed the Brute Force
model with the additional parameters (main effects and interaction effects of conscientious-
ness, presence). We report the scores in Table 33.

We see similar results as described in the previous section. The extended model has a
lower BIC score indicating better model selection for generating the data. On the training
data, the Brier Score is almost similar, but the lower Brier Score on Hybrid data indicating
the extended model generalized to the unseen data. In addition, considering Brier Skill

Score, the extended model performs well too, compared to the Brute Force model.

7.2.3 Discussion

In this subsection, we explored whether we can add a new parameter as a way to transfer

the computational model across different study contexts. In order to do that, we introduced
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Table 33: Extended Computational Model built on a combination of in-person+Online data

and generalization test on unseen Hybrid data. The bold marks the lowest scores.

Brier Score

Brier Score

Model Name BIC on In-person | on Hybrid
+Online (unseen)
Extended Model | 1295.93 0.212 0.205
Brute Force Model | 1361.57 0.211 0.232

the F; sub-model with the individual characteristic, Conscientiousness, and the contextual

factor, Presence. The extended model seems to better fit the unseen data in terms of the

Brier Score.

7.3 Conclusion

We followed up with the model developed in Chapter 4 in this chapter. We used the

model to describe how well it generalized to unseen data. In this chapter, we also investigated

whether our model is extendable with new parameters to a new study context.
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8.0 Discussion

In this thesis, we describe the development of a learning environment, UbiCoS, which in-
cludes three digital learning platforms with different characteristics. For instance, the digital
textbook, Modelbook allows synchronous text-based collaboration, Khan Academy promotes
asynchronous collaboration by posting questions and providing answers to questions, and the
teachable agent allows a safe space for practicing elaboration and explanation. Students col-
laborate on these different platforms, practice their help-giving skills, and hopefully transfer
their skills from one platform to another. Our overall goal is to provide personalized collab-
orative support to middle school students across these platforms. In order to build such an
adaptive system, we first need to understand how student collaboration varies across these
platforms, which are inherently different. We also investigated which individual characteris-
tics influence student collaboration in these platforms and leveraged those characteristics to
model and design collaborative support. Based on the findings, these individual characteris-
tics seemed to interact with the platform characteristics, and so we developed a contextually
embedded tool that students can use to report their motivations prior to each digital col-
laborative activity. The remaining part of this section briefly summarizes each overarching
research question, which helped build the single adaptive collaborative system using student
motivation.

UbiCoS System and Student Help-Giving Behavior. Our first overarching research ques-
tion RQI: How does student participation vary across the three different learning environ-
ments? aims to understand the variation in student collaboration across the different plat-
forms within UbiCoS (Chapter 3). We conducted design-based research in three cycles,
where we deployed UbiCoS with incremental changes. We developed a three-level coding
scheme following Webb’s help-giving [120] theory and Berkowitz’s transactivity [14] theory
to examine students’ mathematical reasoning skills or social skills of the students, which is
where the collaborating students are expected to benefit [81]. By coding student utterances
for an explanation, elaboration with examples, and transactivity, we focus on all the nec-

essary skills for mathematical reasoning. We used this coding scheme to analyze student
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help-giving participation across the different learning platforms and found that the collabo-
ration varies in accordance with the platform. For example, the constructive participation in
Modelbook doubled in cycle three, while the quality of Khan Academy posts remained fairly
stable throughout the three cycles. Additionally, the design of UbiCoS included multiple
contexts that served different populations. For example, those students who were hesitant
to participate in face-to-face whole-class discussions felt comfortable participating in the
asynchronous or synchronous platforms. The same students participated differently across
the different platforms, e.g., some students participated at a higher rate than average in
Modelbook but lower than average in Khan Academy, and vice versa. Similar results are
seen in [84], where Oztok et al. looked into student participation in both synchronous and
asynchronous platforms in the same environment and reported the quality of messages in
the two different platforms is different. The difference in help-giving participation across the
platforms encouraged us to investigate the underlying factors that influence a student’s will-
ingness to participate in each platform. By identifying the specific motivations and tailoring
support accordingly, we aimed to create an effective collaborative learning environment that
foster constructive participation across all three platforms in UbiCoS.

Modeling Help-Giving. The second overarching research question we addressed is RQ)2:
How can we design an explanatory model using student motivation and contextual factors to
explain students’ collaborative behavior? In Chapter 4, we took a deeper dive into the varying
levels of student participation and conducted a semi-structured interview using Expectancy-
Value Theory. According to this theory, students are motivated to engage in help-giving
when they perceive the value or importance of giving help on different platforms. Our
goal was to understand the factors influencing student collaboration across the three differ-
ent learning platforms. After analyzing the transcripts, we identified certain motivational
characteristics that played a role in student help-giving. They are math self-concept, help-
giving self-concept, familiarity, and conscientiousness. Interestingly, we observed that these
characteristics differed depending on the specific platform. For instance, a student who
was confident in providing help and supporting their friends in Modelbook mentioned that
they did not value helping others at Khan Academy because they preferred assisting their

friends rather than strangers. This finding inspired us to consider the student’s motivation
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to collaborate and the platform they were collaborating in rather than focusing solely on
motivational characteristics or solely on platform features. We followed an explanatory mod-
eling approach, combining several individual and platform characteristics using qualitative
data and theory and developing an explanatory model to explain students’ constructive par-
ticipation across the three platforms. In the context of I'TSs, this explanatory model could
be beneficial in understanding the underlying reasons for a particular outcome and providing
personalized feedback. For instance, unlike a predictive model that could be used to identify
students who are likely to struggle with constructive participation based on their past per-
formance, an explanatory model can provide insights that the student might be struggling
due to low motivation in an asynchronous platform. The system could then offer scaffolded
support such as hints or explanations. The system could follow patterns of disengagement
and offer timely reminders or motivational messages to keep students on track.

In Chapter 7, we investigated the generalizability of the computational model to unseen
data. Additionally, we explored whether the model could be transferred to other study con-
texts beyond the ones used for its initial construction. By conducting these investigations,
we aimed to evaluate the adaptability of the model, which is crucial for its practical appli-
cation in different educational scenarios. The model exhibited generalization (in terms of
predicted probability calculated using the Brier Score) to other study data. Additionally,
when adding another parameter combining conscientiousness and presence, the model indi-
cated a better selection (in terms of BIC score). However, there is still room for improvement
in using this model in real-time and improving its generalizability. It is important to note
that the evaluation data used to assess the model came from completely different studies
involving students with potentially different motivations. We recognize that this is a hard
problem with small data obtained within a short time period, with many variances. This
research contributes to the broader field of educational technology by emphasizing the value
of considering explanatory models with predictive power. By incorporating individual and
contextual factors, this approach enables the design of effective interventions and support
systems within collaborative learning environments.

Interactive Persona Tool. By now, we have established that motivation plays a key role in

student participation in UbiCoS, and this motivation seemed to vary when students collabo-
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rate on different platforms. This change in motivation can be explained by the multifaceted
nature of motivation in the literature. This line of research emphasizes the effect of contex-
tual and environmental factors on motivation [72, 82]. Following this nature of motivation,
we have our third overarching research question RQ3: How can we assess student motivation
dynamically and within context?. To model and adapt support based on the dynamic nature
of motivation, we believed this is an important aspect to investigate. In Chapter 5 and in
Chapter 6, we describe the incremental design of an interactive tool inspired by the Per-
sona method [26] to assess student motivation dynamically and within the context. While
a common method to assess motivation is using questionnaires, administering them before
the study asks the question out of context. On the other hand, administering questionnaires
during an interaction can be intrusive [117]. There are some other non-intrusive approaches,
such as using physiological data [76] or natural language-based approaches [117] or analyzing
log files [56], but these approaches lack student agency in reporting their motivation. By
considering student agency in reporting student motivation, we aim to capture the dynamic
and individualized nature of motivation, taking into account students’ choices and prefer-
ences. Therefore, we believe the interactive tool can serve as an alternative way to assess
student motivation within the context, giving the s agency.

The primary target of the persona method is to identify representative target users from
a large number of heterogeneous users and use them to guide product development. One
of the critiques of the persona method is that during the persona design process, the target
users are often not directly involved, potentially impacting the credibility of the personas [7].
Additionally, despite the benefit of including users in the process, involving middle school
children remains a challenge due to budget constraints or difficulty in recruiting, which often
leads the designers to create personas based on their own experience or input from caregivers
[109]. In this thesis, we addressed this by conducting a pair of co-design sessions, including
middle school students, to verify the personas developed by the researchers. This allowed the
students to bring their own perspectives and experience to the process, ensuring credibility.
A similar approach was made by [7] where the authors involved the graduate students in
the persona design process through co-design sessions to develop a smartphone application

to support their needs. Furthermore, once a set of personas are developed, they are usually
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shared with the design team or researchers for product development but rarely used by the
target users. For example, in the ‘Living Persona’ approach by [118], students interacted with
a single persona, but it was enacted by their teacher with the goal of improving teacher-
student interaction. In this thesis, we have embedded an editable digital version of the
personas in the digital textbook, Modelbook, where the students can directly modify the
characteristics if applicable. Students use it to report their motivation before each digital
collaborative activity giving them agency over it.

The initial and the revised interactive tool was implemented and deployed in a design
and classroom studies, respectively. Observations from the design study informed revisions
to the tool’s implementation in the classroom study. In the classroom study, students used
the tool before each digital collaborative activity and were given the opportunity to modify
characteristics as desired. We discuss the major findings here. First, for the students who
did not change any characteristics and remained the same with the system-assigned persona,
it could mean the survey captured their motivation. Second, for the students who did
change their motivations the first time, it possibly indicates that this contextually embedded,
easy-to-understand persona narrative may lead the students to respond differently than
surveys. Third, we also investigated further the different types of modifications they made.
In the classroom study, the most changes were made to the help-giving self-concept and the
least were made to conscientiousness. The changes in the factors can be explained by the
literature that explains that self-confidence/concept behaviors are impacted by the context
and environment surrounding the students [72]. On the other hand, conscientiousness (one
of the big five personality traits) or familiarity are traits that may not change over a short
time. Fourth, for students who changed the characteristics multiple times, in some cases, the
changes were bi-directional, indicating a shift in their perception or experience. This suggests
that the personas were probably capturing the dynamic aspects of student motivation and
that students were aware of changes in their own motivation over time. Finally, we ran
regression using the modified persona and initial (survey-based) persona in the classroom
study data. We found that modified personas were more predictive of student participation,
emphasizing that the persona tool captured student motivation while the initial persona did

not.
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Adaptive Collaborative Support. We developed collaborative support that incorporates
both student motivation and the specific platform being utilized. Most ACLS systems tend
to focus on student participation and provide collaborative support based on student actions
or utterances. Often these systems overlook the importance of motivation in the learning
process [82]. While some intelligent tutoring systems consider student motivation, they
primarily focus on supporting individual students. In contrast, this thesis recognizes the sig-
nificant role of motivation in knowledge-building and collaboration across different platforms.
In traditional classrooms, teachers monitor student engagement and motivation to facilitate
learning [38]. Therefore, it is crucial to consider motivation when designing an ACLS to
enhance effective collaboration experiences across various platforms. Hence, in Chapter 5
and in Chapter 6, we investigated our fourth and final overarching research question RQ)4:
How can we design adaptive collaborative support using student motivation and context?

We designed and implemented collaborative support using a combination of prompts to
encourage constructive participation and a badge system to reward student participation,
guiding them toward the highest form of collaboration. Young students typically lack the so-
cial skills and vocabulary to discuss complex math concepts and relations [81], which makes
collaboration more challenging. To address this, we incorporated specific design elements
aimed at facilitating their participation. For instance, we included sentence starters to as-
sist students in framing their responses and providing a structure for their contributions.
Additionally, we implemented a badge system to encourage their active participation and
provide recognition for their contributions. Many adaptive collaborative systems use conver-
sational agents to provide feedback in the case of synchronous platforms [63, 3]. We made
a deliberate decision not to include such agents in our design. This choice was based on the
understanding that conversational agents could potentially disrupt the flow of conversation
among students. We recognized that students might ignore agent interventions until they
had finished their ongoing interaction, or students might face challenges in locating previous
agent interventions within the chat thread, especially after a certain amount of time had
passed [106]. Considering these factors, we opted for alternative approaches to support stu-
dent collaboration without relying on conversational agents. We designed the same support

interface for all three platforms so it is consistent across the platforms and minimizes the
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potential influence of confounding factors.

We summarize our findings related to adaptive support. First, the use of sentence starters
proved beneficial for some students, facilitating their participation and enabling them to earn
badges. Second, the design of the badges focused on positive feedback, reinforcing construc-
tive behaviors such as providing help through explanations and asking clarifying questions.
The results indicate a correlation between badges and constructive participation in Model-
book, suggesting that they may have contributed to increased engagement in that particular
platform. Third, we observed that the effectiveness of badges varied across different contexts,
and the appropriateness of specific badges depended on the context and task affordances. For
instance, fewer badges were earned at Khan Academy, possibly due to the more demanding
and time-consuming nature of authoring questions. Additionally, the use of sentence starters
during fast-paced synchronous collaboration with the teachable agent may have impacted
the flow of conversation. However, there were two major limitations in our analysis resulting
from a design flaw. The first one has a predominant allocation for a certain type of support
due to the rule-based support selection algorithm. The second one is the inability to compare
the manipulation (survey-based support vs. persona-based support, described in Chapter
6) within the full technology condition due to a mismatch between a student’s modification
and the associated support factor for a particular platform. These limitations did not allow
us to fully explore and evaluate the effectiveness of the adaptive support. Future research
should address these limitations to gain a more comprehensive understanding of the impact
and capabilities of adaptive support systems.

Learning Outcome. One of the important aspects of ACLS systems is to promote student
learning. However, in our multiple studies, we observed a lack of learning outcomes among
the students. Although the ultimate goal is to enhance student learning in mathematics,
the focus of this work specifically concentrates on improving students’ collaborative skills.
Throughout this research, students took part in various activities, such as solving open-end
problems in small groups using whiteboards, through discussion in Modelbook, posting or
responding to questions in Khan Academy, and explaining problems to a teachable agent.
The collaborative support focused on fostering constructive participation among students,

encouraging activities such as elaborating, asking specific questions, and providing expla-
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nations to co-construct knowledge and remove misconceptions [120]. Several factors could
have contributed to the lack of learning outcomes. For instance, students might have been
less familiar with solving open-ended problems, which could have impacted their ability to
fully engage with the collaborative activities. Additionally, the short duration of the study
and the frequent switching between different activities might have limited the time avail-
able for students to adapt to the various types of problems and the different affordances
of the platforms. As a consequence, students may have spent more time adjusting to the
changing contexts rather than focusing on practicing help-giving, potentially leading to a
lack of significant learning outcomes. To address this limitation and foster more effective
learning experiences, future implementations of the ACLS system could consider providing
students with longer, uninterrupted periods for collaborative activities, allowing them to
develop their help-giving skills more thoroughly and improve their learning outcomes. It is
worth noting that similar findings of limited immediate learning impact are not uncommon
in the literature. For example, Olsen et al. [81] did not find differences in learning gains
between students working individually or collaboratively. The lack of evidence in learning
could be due to the short instruction time, which may not have been enough for differences
in learning gains to emerge [81]. Also, the process that students go through for learning may
be different when working on open-ended problems compared to step-based problems, so the
tests did not reflect that.

Overall, the design of UbiCoS presented in this thesis serves as a base for a broader vi-
sion that a single adaptive collaborative system might be better than adaptive collaborative
systems for each platform separately. Such a system considers the contextual variance of
each platform. From a teacher’s perspective, a single system offers a more comprehensive
solution, for example, seamless integration of various platforms, providing students with
consistent user experience and smoother transitions between collaborative activities. The
students/teachers won’t have to switch between multiple systems, reducing their cognitive
load and improving overall usability. Moreover, a single system can dynamically adjust inter-
ventions by leveraging insights and feedback from one platform to other platforms. Finally,
managing a single adaptive system is more efficient and scalable compared to maintaining

separate intelligent systems for each platform. It reduces the complexity of system develop-
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ment, maintenance, and updates, making it easier to implement improvements and extend

support to additional platforms in the future.

8.1 Limitations

Throughout this thesis, we encountered several challenges that impacted the scope and
depth of our findings. The small sample size, both due to consent issues and limited par-
ticipation in online study, restricted our ability to conduct robust statistical analyses and
generalize the results to a larger population. However, we recognize that small data is com-
mon in educational settings, and our work contributes to understanding how to effectively
work with such limited datasets to build explanatory models.

Another challenge we faced was the lack of evidence in student learning outcomes. It
could be attributed to the short duration of the study, combined with the introduction of
three new technologies, pedagogical approaches (modeling pedagogy), and varied collabo-
rative activities; all of which may have contributed to cognitive overload for the students.
Additionally, the assessment tests may not have adequately captured the specific skills and
outcomes targeted in this thesis. Exploring more targeted and comprehensive assessment
methods in future research would be valuable.

The manipulation within the full technology condition in the classroom study did not
have any impact on students’ help-giving, which can be attributed to a design limitation.
Specifically, there was a mismatch between students’ modification of characteristics and the
characteristic prioritized for a particular platform, leading to inconclusive results, hence
we merged the two conditions. The merging of conditions in the classroom study and the
omission of analyzing face-to-face small group collaboration and online breakout room col-
laboration limited the depth of our findings. Further investigation into these contexts could
provide valuable insights into student collaboration dynamics. However, conducting such
analyses would require additional resources, such as video analysis. We propose this as one
of our future works.

Despite these limitations, this work has shed light on the potential of explanatory mod-
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eling and adaptive support in the context of student collaboration. It has also highlighted
areas for future research, including the need for larger sample sizes, improved assessment

methods, and more comprehensive analysis of different collaborative contexts.

8.2 Future Work

Based on the work done in this thesis, there are many avenues for future work.

First, utilizing the findings in the four key areas of ACLS system development - technol-
ogy, modeling, assessment, and support - researchers can further explore the broader vision
of this thesis: a single ACLS is better than ACLS for different platforms. Several potential
approaches can be pursued using this work as a building block: building three distinct I'TS
for the three platforms while ensuring the systems are similar and comparable. For instance,
consistency in the user interface design may minimize the potential influence of confound-
ing factors and provide a more robust basis for comparison. Another avenue of research
involves conducting a comparable study that includes both a single unified ACLS and sep-
arate ACLS for different platforms. Researchers can then analyze and compare the results
between the different groups by selecting participating schools, appropriately grouping stu-
dents into different conditions, and collecting data on various outcomes such as learning gain,
collaborative behavior, and student satisfaction. By leveraging the insights gained from this
thesis and considering these factors, valuable knowledge can be gleaned to inform the design
and implementation of adaptive learning systems tailored to different platforms. Such re-
search endeavors can significantly contribute to advancing the field of adaptive collaborative
learning support systems, ultimately enhancing educational experiences for students across
diverse learning environments.

Second, there are opportunities for expanding the modeling approach used in this thesis.
The current model focuses on explaining constructive participation, but it can be extended
to develop models for other levels of participation, such as no participation or facilitative
participation. Evaluating the utility of these models in real-world settings would provide

valuable insights into their practical application. In the current version of the support
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system, a rule-based algorithm was employed to select the characteristics of each platform.
A potential avenue for future research is to investigate how the explanatory model can
suggest which factors to select for displaying support on each platform. By incorporating
student collaboration history and domain knowledge, the model can better determine the
likelihood of different participation levels and tailor the support accordingly. Alternative
modeling approaches, such as Bayesian Knowledge Tracing or Hidden Markov Models, could
be explored.

Third, there is room for improvement in the design and functionality of the interactive
persona tool. One aspect that can be enhanced is the interface design, making it more
intuitive and user-friendly for students to modify their personas. Furthermore, attention
should be given to refining the underlying algorithms and mechanisms that link the modified
persona to the selection and presentation of support on different platforms. By ensuring a
clear and transparent relationship between persona modifications and the corresponding
support, students will better understand how their actions influence the assistance they
receive during collaboration.

There are numerous possibilities for further enhancing the design and algorithm of the
support in adaptive collaborative learning systems. One avenue to explore is the development
of automatic classification models for student utterances, enabling the system to provide
more targeted and personalized feedback. By leveraging existing classification models and
adapting them to the collaborative learning context of UbiCoS, it might be possible to
identify patterns in students’ utterances that reflect their motivation or engagement levels.
This information can then be utilized to dynamically adjust the support provided, tailoring
it to each student’s specific needs. Additionally, the detection of student motivation from
their utterances or the badges they receive holds the potential for further investigation. This
information can then be used in conjunction with the interactive persona tool to inform
the selection and presentation of support that aligns with each student’s motivation profile.
Furthermore, focusing on the design of the support based on platform affordances is an
important area for future contributions. Each platform has its own unique characteristics
and capabilities, and designing the support to leverage these affordances can enhance the

overall collaborative experience.
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Finally, there are several promising areas for future exploration in the field of adaptive
collaborative learning systems: a) expanding the scope of this research by the integration of
additional platforms to provide insights into the transferability and effectiveness of the model
across different contexts such as online asynchronous discussion forums, or collaborative
coding platforms. b) building a dashboard for teachers that provides real-time information
and insights about students’ collaborative activities can help to better facilitate and support
students’ learning. The dashboard can provide data on student participation, motivation
levels, and even recommendations for intervention or support strategies based on the model’s
output. ¢) The COVID-19 pandemic has highlighted the importance of addressing access and
equity issues in education. Future research should explore ways to mitigate the difficulties

that arise when students participate in different environments with varying resources.

8.3 Conclusion

This chapter provides a comprehensive summary of the thesis, highlighting its contri-
butions and implications for various fields of study. This work contributed to multiple
fields of study, including Human-Computer Interaction, Computer Science, and Learning
Science. One of the major contributions of this thesis is the design of a collaborative learn-
ing environment encompassing multiple platforms instead of a self-contained environment.
Another key contribution is the adaptation of traditional Intelligent Tutoring Systems (ITS)
to model student collaboration using individual and platform characteristics. Another signif-
icant contribution is the design of an interactive tool for the dynamic assessment of student
motivation. Furthermore, the provision of personalized support across platforms, leveraging
student motivation to facilitate effective collaboration, has been a prime focus of this work.
We also acknowledged the limitations and described future work. By addressing these, re-
searchers can further advance the field of adaptive collaborative learning and contribute to

the development of more inclusive, effective, and supportive educational technologies.
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