PERSONALIZED ADAPTIVE TEACHER EDUCATION TO INCREASE SELF-EFFICACY:
TOWARD A FRAMEWORK FOR TEACHER EDUCATION

Atikah Shemshack

Dissertation Prepared for the Degree of

DOCTOR OF PHILOSOPHY

UNIVERSITY OF NORTH TEXAS

May 2022

APPROVED:

Kinshuk, Committee Chair and Dean of the
College of Information

Jonathan Spector, Committee Member

Gerald Knezek, Committee Member

Yunjo An, Chair of the Department of
Learning Technologies

Victor Prybutok, Dean of the Toulouse
Graduate School



Shemshack, Atikah. Personalized Adaptive Teacher Education to Increase Self-Efficacy:
Toward a Framework for Teacher Education. Doctor of Philosophy (Learning Technologies),
May 2022, 191 pp., 13 tables, 8 figures, chapter references.

This study investigated personalized adaptive learning, teacher education, and self-
efficacy to determine if personalized adaptive teacher education can increase self-efficacy. It is
suggested that teachers with higher self-efficacy tend to stay in the teaching profession longer.
Chapters 2 and 3 are literature reviews on personalizing adaptive learning to determine what
common components are used in personalized adaptive learning systems to get a clear
understanding of what previous literature suggests building this study on it. Chapter 4
investigates the data collected from 385 teachers to understand better what teachers report on
factors that increase their self-efficacy. As a result, it was found that teachers’ self-efficacy
increases with more training, support, and resources. In chapter 5, a framework was developed
based on previous findings, with components of personalized adaptive learning to provide
support/help at the right time for teachers to increase their self-efficacy. An empirical study was
conducted to validate this framework, where the framework was used as a guide to personalize
and adapt summer teacher preservice training and survey teachers on their self-efficacy before
and after the training to see its impact on teachers’ self-efficacy. However, since summer
preservice training was virtual, the framework could not be implemented fully, as we were not
able to observe teachers’ behaviors and monitor their learning to provide them help and support,
as needed and being in the post-COVID-19 year as educators dealing with about two-year
learning loss systemwide, seems decreased teachers’ self-efficacy. The findings of this study can
guide preservice teacher education institutions and decision-makers of teacher education to
assess inservice teachers’ needs and self-efficacy to help and support them with a more

personalized adaptive education to improve their self-efficacy.
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CHAPTER 1
INTRODUCTION

Personalized adaptive learning has been a major topic of research for a long time (Xie et
al., 2019); however, very limited research has explicitly looked at personalized adaptive
preservice teacher education to provide better support by providing preservice teachers with
resources to prepare them according to their diverse needs and skills to improve inservice
teachers’ self-efficacy. Teachers’ professional proficiency comprises professional cognitive
knowledge and affective professional belief components, which are generally assumed to be
related and impact instructional practice (Colson et al., 2018; Depaepe & Konig, 2018; Jenset et
al., 2018; Schleicher, 2016). To provide meaningful learning opportunities to students,
meaningful learning opportunities need to be offered to preservice teachers to prepare them for
teaching better (Natividad Beltran del Rio, 2021; Nel, 2017; Siko & Hess 2014; Thoma et al.,
2017). However, studies on preservice teacher education that simultaneously relate cognitive and
affective components to instructional practice are limited (Depaepe & Konig, 2018).

Preservice teacher education is a complex process that requires teachers’ cognitive and
emotional involvement. This process requires the willingness to examine where each teacher
stands and provides personalized adaptive tools for improvement or change (Depaepe & Konig,
2018) according to their diverse goals and needs. While many studies have analyzed preservice
teacher education and current practices, very little research has focused on personalized adaptive
preservice teacher education to improve inservice teachers’ self-efficacy. Focusing on how
personalized adaptive preservice teacher education might contribute to improving inservice
teachers’ self-efficacy, and as a result, improving the learning experience for students and

inservice teachers need to be explored further.


https://link.springer.com/article/10.1007/s11423-021-09953-y#ref-CR3
https://link.springer.com/article/10.1007/s11423-021-09953-y#ref-CR5
https://link.springer.com/article/10.1007/s11423-021-09953-y#ref-CR6

To fill this gap, the researcher has used current literature on personalized adaptive
learning, the components used for personalized adaptive learning, and preservice teacher
education, and has analyzed factors that contribute to increasing inservice teachers’ self-efficacy
to develop a framework for personalized adaptive preservice teacher education to improve
inservice teachers’ self-efficacy. The framework was validated through expert feedback and an
empirical study on inservice teachers. Growing evidence has suggested that efforts to tie teacher
preparation more closely to practice can significantly impact inservice teachers’ impact on
student learning (Colson et al., 2018; Depaepe & Konig, 2018; Jenset et al., 2018; Schleicher,
2016). Preservice teacher education is crucial in producing quality inservice teachers (Levine,
2006; Mergler & Spooner-Lane, 2012; Wright & Wilson, 2005). Surveys of graduates, teachers,
principals, and education systems nationally and internationally report that initial teacher
education preparation does not adequately prepare graduates for actual teaching (Commonwealth
of Australia, 2007; Naylor et al., 2015; Roofe & Miller, 2013).

Moreover, learning to teach is dynamic because there are influences from students,
curriculum, policy, leadership, school environments, and teachers’ personal beliefs about
teaching and learning (Hattie, 2012; Naylor et al., 2015; Opfer et al., 2011). There is evidence
that some features of teacher preparation can make a difference concerning inservice teachers’
sense of efficacy (Darling-Hammond et al., 2002; Ronfeldt et al., 2014) and with teachers’
retention in the profession (Ingersoll et al., 2014; Ronfeldt et al., 2014). Furthermore,
Christensen and Knezek (2017) suggested that understanding teacher confidence and competence
in learning is essential in designing appropriate teacher education. Thus, this framework will be
used for personalized adaptive preservice teacher education that will increase inservice teachers’

self-efficacy and, as a result, improve the learning experience for all.


https://www.nap.edu/read/25603/chapter/122.xhtml#chapter05_ref293
https://www.nap.edu/read/25603/chapter/122.xhtml#chapter05_ref293
https://www.nap.edu/read/25603/chapter/128.xhtml#chapter05_ref412
https://www.nap.edu/read/25603/chapter/125.xhtml#chapter05_ref352
https://www.nap.edu/read/25603/chapter/128.xhtml#chapter05_ref412

To serve the purpose of this study and address the gaps suggested earlier, the following
research questions are addressed:

1. How can preservice teacher education be personalized according to teachers’ diverse
needs and skills to improve self-efficacy during inservice teaching?

The following sub-questions follow the first primary research question to understand better a
well-defined, comprehensive, personalized adaptive learning model.

a. How is personalized adaptive learning defined?

b. What components need to be included in well-defined personalized adaptive
learning?

This question narrowed the focus of the study on components and their impact on learning. The
researcher highlighted components in each system to look for patterns and similarities while
paying attention to differences and their impact on learning outcomes.
The following sub-question helped compare different personalized adaptive learning
models, so any relationship between used systems/models and components could be identified:
c. What systems and models are available to personalize and adapt preservice

teacher education to improve their self-efficacy once they become inservice
teachers?

Sub-questions provided a more focused approach to the study. Moreover, the researcher focused
on analyzing and synthesizing different personalized learning approaches that consider various
learning components, so an evolving cooperative agreement on a dynamic, personalized adaptive
learning model can be created for preservice teachers to improve inservice teachers’ self-efficacy
that impact their teaching practices and beliefs.

The second research question focuses on identifying factors that contribute to improving
inservice teachers’ self-efficacy. As noted by Jenset et al. (2018), growing evidence has
suggested that efforts to tie teacher preparation more closely to practice can significantly impact

student learning:



2. What are identifying factors that contribute to the inservice teachers’ self-efficacy?

Following the lead of Christensen and Knezek (2017) that understanding teacher
confidence and competence in learning is essential in designing appropriate education, the
research is focusing more in-depth with the following questions:

3. How can the PAL framework be used to personalize and adapt professional

development programs to address teachers’ diverse needs and skills to improve their
self-efficacy?

Also, to analyze the effectiveness and impact of PAL framework following sub-questions were

asked:

a. Was personalized adaptive teacher education framework effective to improve
teachers’ self-efficacy?

b. What impacts teachers’ self-efficacy?
c. Why did teachers’ self-efficacy decrease after school started?

These sub-questions narrowed the focus of the study on PAL framework’s impact on teachers’
self-efficacy.

To provide a personalized adaptive learning environment to learners, the field research
related to preservice teacher education and providing preservice teachers with a personalized
adaptive education to improve their self-efficacy could benefit from studying the data and efforts
to improve preservice teacher education. Tools and systems are available to assess and collect
data on preservice teachers’ knowledge, skills, and affective states, and provide them with
appropriately planned education according to their individual needs and goals. Current
personalized adaptive learning research mainly focuses on students, and there is limited attention
to personalizing preservice teachers’ education.

This research is a manuscript-style dissertation based on five published/in-progress

papers. The first paper, “Systematic Literature Review on Personalized learning Terms,”



published in Smart Learning Environments, is a systematic review of personalized adaptive
learning literature. This is a study I co-authored with Dr. J. Michael Spector. I reviewed the
literature, decided on research methodology, and put together a draft that Dr. Spector reviewed to
provide suggestions and feedback to finalize and polish before sending it to the journal.

The first paper’s findings identified overemphasis on personalized adaptive learning but
nothing practical for preservice teacher education. This systematic review of personalized
adaptive learning literature was conducted using Okoli’s guidelines to conduct a systematic
literature review for Information Systems Research (Okoli, 2015). This review study found and
analyzed 56 relevant studies based on the research protocol. The findings support that
personalized adaptive learning has become a fundamental learning paradigm in the research
community of educational technologies.

Furthermore, the findings suggested that the personalized adaptive learning models have
gained more attention from governments and policymakers than educators and researchers
(Shemshack & Spector, 2020). Even though the findings are not directly tied to preservice
teacher education, this study leads that personalized adaptive learning can be an approach for
preservice teacher education due to the increased use of personalized adaptive learning
approaches and their promising impact on learning (Pane et al., 2015). Also, because of this
literature review, a need for analyzing components that have been used for personalized adaptive
learning was identified.

The second paper, titled “A Comprehensive Analysis of Personalized Learning
Components, published by Computers in Education,” examines common elements that have
been used for personalized adaptive learning. These components needed to be analyzed to

determine what will be suitable for personalized adaptive preservice teacher education. This


https://slejournal.springeropen.com/articles/10.1186/s40561-020-00140-9#ref-CR61

theoretical study 1s a work I coauthored with Dr. Kinshuk and Dr. J. Michael Spector. My
contribution is centered on the comprehensive, though not exhaustive, literature review regarding
common elements that have been used for personalized adaptive learning. [ wrote the paper draft,
and Dr. Kinshuk reviewed it several times and suggested revisions. Dr. Spector reviewed the
paper and proposed modifications before submitting it to the journal. Both Drs. Kinshuk and
Spector reviewed and approved the article one last time before submitting it to the journal.

As a result of the focus of this study, what components need to be included in a
comprehensive, personalized learning approach, it was concluded that one of the components
that most educators and researchers agreed upon is allowing learners to learn at their own pace,
which is a strength and advantage that personalized adaptive learning provides. The findings of
this study revealed that the range of components being used to personalize learning is widening
as technology develops. As we learn more about human learning and what technology can
provide us with a personalized adaptive learning experience, such as gathering data of learners’
emotions using bio-trackers, which might bring up some privacy concerns, we are also
redefining our understanding of personalized adaptive learning.

The third paper is titled “Factors Contributing to Teacher Self-efficacy for Distance
Learning,” under review by the Journal of Digital Learning in Teacher Education. In this study,
the Distance Learning Support (DLS) (Shemshack & Davis, 2020) instrument was used to assess
inservice teachers’ needs to identify how administrator support, inservice teacher training, and
access to materials can help teachers increase their self-efficacy for distance learning. This
empirical study is a work I coauthored with Taylor Davis, Dr. Gerald Knezek, and Dr. Kinshuk.
My contribution is centered on the introduction, literature review, methods, design of the study,

discussion, conclusion, and general structure of the paper. I wrote the paper draft, and Taylor



Davis monitored data collection and analyzed data. Once I put together the final draft, Drs.
Knezek and Kinshuk reviewed it several times and suggested revisions. Dr. Kinshuk reviewed
the paper and proposed modifications before submitting it to the journal. Both Drs. Knezek and
Kinshuk reviewed and approved the article one last time before submitting it to the journal.

This research stemmed from Bandura’s (1982) suggestion that self-efficacy determines
how much effort people will expend and how long they will persevere in the face of obstacles or
aversive experiences. The study results revealed that the more training teachers receive, the more
confident they feel teaching online. Furthermore, this study provides a reliable and valid
instrument for school administrators to support their teachers in successfully integrating
technology by providing them with need-based training and support. Having tools and
intentional support to help inservice teachers improve their distance teaching practices and build
confidence in distance learning becomes an essential component of efficient teaching. This study
collected information regarding the support teachers received from their administrators during
COVID-19 distance learning and how it impacted inservice teachers’ self-efficacy regarding
distance teaching. This paper’s findings shed light on the underlining questions, what factors
help improve inservice teachers’ confidence with distance learning, how administrator support
can be improved, and which inservice teacher demographics have the highest confidence
regarding online learning. The findings of this study can guide preservice teacher education
institutions and decision-makers of teacher education to assess inservice teachers’ needs and self-
efficacy online learning to help and support them with a more personalized adaptive education to
improve their self-efficacy.

The fourth paper, titled “Developing a Framework for Personalized Adaptive Preservice

Teacher Education to Improve inservice Teachers’ Self-efficacy,” focuses on a conceptual



framework developed based on the literature review and in-depth analysis of personalized
adaptive learning components preservice teacher education and self-efficacy. Further, it will
allow us to develop a tool to provide personalized adaptive preservice teacher education
according to inservice teachers’ diverse needs to improve their self-efficacy. This theoretical
study is a work I coauthored with Dr. Kinshuk. My contribution is centered on the introduction,
literature review, methods, design of the study, conclusion, discussion, developing framework,
and general structure of the paper. Once I put together the final draft, Dr. Kinshuk reviewed it
several times and suggested revisions and proposed modifications before submitting it to the
journal. Dr. Kinshuk reviewed and approved the article one last time before submitting it to the
journal.

This study provides an overview of current personalized adaptive learning practices and
systems used to personalize and adapt learning and analyses current literature on self-efficacy.
Furthermore, it analyzed what factors help increase inservice teachers’ self-efficacy. The
findings resulted in the proposal of a conceptual framework that is expected to guide
personalized adaptive preservice teacher education to increase inservice teachers’ self-efficacy.
The proposed framework for personalized adaptive preservice teacher education is expected to
be used as a tool for teacher education to improve teachers’ self-efficacy and ultimately improve
inservice teachers’ and students’ learning experience.

Also, this study proposed a framework that can be used in different settings with different
scenarios. A step-by-step example for preservice teacher education is provided in this study to
reflect its usage in learning environments. In this study, the proposed framework is focused on
increasing inservice teachers’ self-efficacy by providing personalized adaptive learning support,

which is expected to improve self-efficacy and increase perseverance and efforts to learn new



skills and acquire new knowledge. This study can be used as a reference for future research and
preservice teacher education.

This fourth study’s findings suggest that dynamic data collection requires dynamic
adaptation, intervention, and correctness feedback to close any learning gaps or avoid losing
interest in learning progress. We need to focus on preservice teacher education, as growing data
has shown that efforts to improve preservice teacher education can significantly impact student
learning.

The fifth paper is an empirical study that focused on validating the framework proposed
in paper four by using the framework to analyze the pre and post-self-efficacy of two inservice
teacher groups before personalized adaptive training. inservice teachers are selected as
participants for this study since this framework is suggested to be used in different teacher
education settings. Also, inservice teachers are primarily graduating from preservice education
and can provide more comprehensive feedback on the framework’s validity. This empirical study
combined a few primary teacher self-efficacy instruments to modify them to fit current teacher
groups best to get the most relevant one. This empirical study is research that I worked on with
Dr. Kinshuk and Dr. Knezek. My contribution is centered on the introduction, literature review,
methods, design of the study, data collection, data analysis, conclusion, discussion, and general
structure of the paper. I got guidance and help from Dr. Knezek on instrument development and
data analysis. Once I put together the final draft, Dr. Kinshuk reviewed it several times and
suggested revisions and proposed modifications. Dr. Kinshuk reviewed and approved the article

one last time before adding it to the dissertation.



Table 1.1

Author’s Contributions to Each Manuscript

Chapter

Number

Paper Name

Journal

Publication
Status

My Contribution

A Systematic Literature . . Contributed to design of the study, the literature
4 . Smart Learning Published . .

2 Review of Personalized Environments (2020) review, decided on research methodology, and
Learning Terms put together a draft to be reviewed by co-author.
Comprehenswe Anglysw of Journal of Computers in | Published Coptrlbuted to design of the study, literature

3 Personalized Learning . review, and wrote whole paper draft to be

Education. (2021) .
Components reviewed by co-authors.
Factors Contributing to Teacher Contributed to the introduction, literature review,

4 Self-Efficacy in Distance Tech Trends Under review methods, design of the study, discussion,
Learning conclusion, and general structure of the paper.
Developing a Framework for Contributed to the introduction, literature review,
Personalized Adaptive Teacher Preparing for methods, design of the study, conclusion,

5 . Jtate 2. . . .

Education to Improve resubmission discussion, developing framework, and general
Teachers’ Self-Efficacy structure of the paper.
Contributed to the introduction, literature review,

6 Empirical Study to Validate Not Yet Submitted Prepa.rln'g for methods, design pf the.study3 data collection, data
Framework submission analysis, conclusion, discussion, and general

structure of the paper.
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The collection of these five papers in the form of this dissertation aims to point out the
need for personalized adaptive preservice teacher education and address how it might improve
teachers’ efficacy and provide a framework that can be used for personalized adaptive preservice
teacher education and validate the framework through expert feedback and empirical study. This
framework is based on previous studies and has many possible practical uses in educational
settings. Primarily it can be used for preservice teacher education, formal inservice teacher
education, and many more educational settings. Furthermore, this framework can be used for any
educational activities that allow instructors to empower learners to be life-long learners.

This research is expected to be the foundation for future studies on personalized adaptive
preservice teacher education. National Research Council (2000) pointed out that teachers are key
to enhancing learning in schools. Therefore, we need to prepare our preservice teachers properly
and support them with personalized adaptive education that focuses on their diverse needs. If we
want to improve the learning experience of students, first, we need to make sure our teachers are
provided with the opportunity to receive preservice teacher education and training according to
their needs, so they are appropriately prepared to help and support their students with learning.

Current studies point out that teachers are the main determinants of instructional practice
and student learning outcomes (Colson et al., 2018; Darling-Hammond, 2000; Depaepe & Konig,
2018; Jenset et al., 2018; Schleicher, 2016). Therefore, teachers need to be adequately prepared
by providing them with personalized adaptive preservice teacher education to improve their self-
efficacy beliefs regarding their teaching skills. Teachers’ beliefs shape their teaching practices by
filtering interpretations, framing situations or problems, and guiding actions (Heinonen et al.,
2019). Considering Bandura’s (1994) suggestion, self-efficacy beliefs determine how people

feel, think, motivate themselves, and perform; it is paramount that preservice teachers have a
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strong sense of self-efficacy to help them maintain their interest in the profession of teaching and
use those skills to help all students they teach (Gedzune, 2015, as cited in Colson et al., 2018).
Teaching is a stressful and high workload profession that will benefit from having good
stress managing skills. Bandura (1997) pointed out that preservice teachers with repeated success
feelings more successfully manage teaching stress. Preservice teachers need to feel connected
and have a sense of self-efficacy for the responsibilities they face when teaching (Ryel et al.,
2001, as cited in Colson et al., 2018). This research will also be the first to focus on personalized

adaptive preservice teacher education.
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CHAPTER 2
A SYSTEMATIC LITERATURE REVIEW OF PERSONALIZED LEARNING TERMS*
Abstract
Learning is a natural human activity shaped by personal experiences, cognitive

awareness, personal bias, opinions, cultural background, and environment. Learning has been
defined as a stable and persistent change in what a person knows and can do. Learning is formed
through an individual’s interactions, including the conveyance of knowledge and skills from
others and experiences. So, learning is a personalized experience that allows one to expand their
knowledge, perspective, skills, and understanding. Therefore, personalized learning models can
help to meet individual needs and goals. Furthermore, to personalize the learning experience,
technology integration can play a crucial role. This paper provides a review of the recent
research literature on personalized learning as technology is changing how learning can be
effectively personalized. The emphasis is on the terms used to characterize learning as those can
suggest a framework for personalized and will eventually be used in meta-analyses of research
on personalized learning, which is beyond the scope of this paper.

Keywords: personalized learning, adaptive learning, learning, intelligent tutoring systems,
learning analytics, personalized adaptive learning, systematic review.

Introduction
Personalized learning has been a topic of research for a long time. However, around
2008, personalized learning started to draw more attention and take on a transformed meaning

thanks to technology integration to enhance personalized learning became a hot topic for

* This chapter is reproduced in its entirety from Shemshack, A., & Spector, J.M. (2020), A systematic literature
review of personalized learning terms. Smart Learning Environments, 7( 33). https://doi.org/10.1186/s40561-020-
00140-9. Originally published under Creative Commons CC BY 4.0 license. Authors retain copyright.
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researchers, as seen in Table 2.1. However, I believe the variety of terms that have been used for
personalized learning seems to be an obstacle to the progress of personalized learning theories
and research. Although there is an abundance of resources/studies on personalized learning, not
having a readily agreed-upon term of personalized learning might hinder research progress on
personalized learning. In response to this need, this paper is focused on analyzing the terms that
have been used for personalized learning. A distinct personalized learning approach can help
educational researchers build up research on previous data instead of starting new research from
scratch each time. This paper will present a research-based framework for personalized learning
and discuss future research directions, issues, and challenges through an in-depth analysis of the
definitions and terms used for personalized learning.

Personalized learning has existed for hundreds of years in the form of apprenticeship and
mentoring. As educational technologies began to mature in the last half of the previous century,
personalized learning took the form of intelligent tutoring systems. In this century, big data and
learning analytics are poised to transform personalized once again. Learning has been
characterized as a stable and persistent change in what a person knows and can do. Personalized
learning is a complex activity approach that is the product of self-organization or learning and
customized instruction that considers individual needs and goals. Personalized learning can be an
efficient approach that can increase motivation, engagement, and understanding (Pontual et al.,
2018), maximizing learner satisfaction, learning efficiency, and learning effectiveness (Gomez et
al., 2014). However, while such personalized learning is now possible, it remains one of the
biggest challenges in modern educational systems. In this paper, a review of progress in

personalized learning using current technologies is provided. The emphasis is on personalized
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learning characteristics that need to be taken into consideration to have a well-developed concept
of personalized learning.

We started with the definition of personalized learning suggested by Spector (2014,
2018) and others that are discussed below, which requires a digital learning environment to be
classified as a personalized learning environment to be adaptive to individual knowledge,
experience, and interests and to be effective and efficient in supporting and promoting desired
learning outcomes. These characteristics are those which are typically discussed in the research
community, although I found it challenging to find a sufficient number of published cases that
reported effect sizes and details of the sample to conduct a formal meta-analysis. Lacking those
cases suggests that personalized learning in the digital era is still in its infancy. As a result, |
conducted a more informal, albeit systematic review of published research on personalized
learning.

Furthermore, along with many educational technologists, we believe an efficient,
personalized learning approach can increase learners’ motivation and engagement in learning
activities to improve learning results. While that outcome now seems achievable, it remains a
mostly unrealized opportunity, according to this research review. Truong (2016) stated that
providing the same content to students with different qualifications and personal traits and
having different interests and needs is not considered adequate anymore when learning can now
be personalized. Miliband (2006, as cited in Lee et al., 2018) promoted personalized learning to
be the solution to tailoring the learning according to individuals’ needs and prior experience to
allow everyone to reach their maximum potential through customized instruction (Lin et al.,
2013; Hsieh &Chen, 2016). The customized instruction includes what is taught, how it is taught,

and the pace at which it is taught. This allows learning to meet individual needs, interests, and
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circumstances, which can be quite diverse (Liu & Yu, 2011; Brusilovsky & Peylo, 2003).
Furthermore, FitzGerald et al. (2018) pointed out that the personalization of learning is now a
recurring trend across government agencies, popular media, conferences, research papers, and
technological innovations.

Personalized learning is in demand (Huang et al., 2012) due to new technologies
involving big data and learning analytics. It should be tailored to and continuously modified to
an individual learner’s conditions, abilities, preferences, background knowledge, interests, and
goals and adaptable to the learner’s evolving skills and knowledge (Sharples, 2000). Today’s
personalized learning theories are inspired by educational philosophy from the previous
century’s progressive era, emphasis on experiential, learner-centered learning, social learning, an
extension of the curriculum, and fitting for a changing world. McCombs and Whisler (1997, as
cited in Lee et al., 2018) claimed that a learner-centered environment develops as it considers
learners’ unique characteristics using the best knowledge of teaching and learning which are
available. Furthermore, Lockspeiser and Kaul (2016) claimed that individualized learning is a
tool to facilitate learner-centered education. FitzGerald et al. (2018) pointed out that
personalization is a crucial topic of current interest in technology-oriented learning design and
discussion for government policymakers, but less so in educational research. This might be a
good explanation of the disunity of personalized learning approaches.

On the other hand, Niknam and Thulasiraman (2020) argued that educational society has
been interested in having a personalized learning system that adjusts the pedagogy, curriculum,
and learning environment for learners to meet their learning needs and preferences. A
personalized learning system can adapt itself when providing learning support to different

learners to defeat the weakness of one-size-fits-all approaches in technology-enabled learning
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systems. The goal is to have a learning system that can dynamically adapt based on a learner’s
characteristics and provide personalized learning. Human one-on-one tutors can do this, and now
digital systems can do so as well. Schmid and Petko (2019) pointed out that a look at
international research literature shows that personalized learning is a multilayered construct with
numerous definitions and various implementation forms. This supports my claim that one of the
most critical problems with personalized learning is, there is no readily agreed-upon meaning of
the phrase ‘personalized learning.” Schmid and Petko (2019) supported this claim by stating that
a clearly defined concept of personalized learning is still lacking; instead, it serves as an
umbrella term for educational strategies that try to do justice to the individual’s abilities,
knowledge, and learning needs of each student. Spector (2013) claimed that there would be more
robust information to support personalized learning as technology develops. So many different
terms have been used in the replacement of ‘personalized learning.” Researchers could not locate
a systematic literature review on personalized learning terms that review the terms that have been
used for personalized learning, and it is essential to address this need. Therefore, this review was
done to close that gap and respond to the need for a unified, personalized learning term. As a
result, personalized learning definitions and the terms that have been used interchangeably, such
as adaptive learning, individualized instruction, and customized learning, are analyzed in this
paper. These terms were chosen because they have been most used in the education field
(Reisman, 2014). In the next several sections, each term will be defined, and their relationship
with personalized learning will be discussed. The analysis of these terms guided the systematic

review of the research literature that follows.

Adaptive Learning

Most educators recognize the advantages of adaptive learning, but evidence-based
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research stays limited, as adaptive learning is still evolving (Liu et al., 2017). Adaptive learning
is one of the terms that has been used interchangeably with personalized learning. The adaptive
learning system is built on principles that have been around for a very long time dating back to
the era of apprenticeship training and human tutoring. However, many other labels such as
individualized instruction, self-paced instruction, and personalized instruction were used
interchangeably while trying to produce the most suitable sequence of learning units for each
learner (Garcia et al., 2015; Reisman, 2014). While early forms of adaptive learning (e.g.,
apprenticeship training and human tutoring) only dealt with one or a very small number of
learners, the current interest is using adaptive learning for large numbers of learners, which is
why there is such interest in big data and learning analytics.

For instance, adaptive learning has been interchangeably used by Yang et al. (2013) in
their study that focused on the development of adaptive learning by considering students’
preferences (Dwivedi & Bharadwaj, 2013) and characteristics, including learning styles
(Cakiroglu, 2014; Klasnja-Milic¢evic et al., 2011) and cognitive styles (Lo et al., 2012) which
concluded to be effective. Wang and Liao (2011) defined adaptive learning as a developed
system to accommodate a variety of individual differences (Scheiter et al., 2019; Wang &
Liao,2011) such as gender, learning motivation, cognitive type, and learning style to determine
optimal adaptive learning experience that accommodates a variety of individual differences
(Afini et al., 2019) to remove barriers of time and location. Griff and Matter (2013) discussed
that adaptive learning is also referred to as computer-based learning, adaptive educational
hypermedia, and intelligent tutoring. Furthermore, Hooshyar et al. (2015) used personalized and
adaptive learning to explain the importance of the Intelligent Tutoring System (Aeiad &

Meziane, 2019) for implementing one-to-one personalized and adaptive teaching. “Although the
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terms’ personalized learning’ and ‘adaptive learning’ are different, they are often used
interchangeably in various studies” (Aroyo et al., 2006; Gobel et al., 2010; Gomez et al., 2014;
Lin et al., 2013, as cited in Xie et al., 2019, p.2).

Based on this review, adaptive learning systems are defined as those that are
computerized learning systems that adapt learning content, presentation styles, or learning paths
based on individual students’ profiles, learning status, or human factors (Chen, Liu, & Chang,

2006; Tseng et al., 2008; Yang et al., 2013).

Individualized Instruction

Individualized instruction is one of the terms that are often used to talk about individuals’
specific needs and goals to be addressed during instruction. It is not agreed upon whether
individualization is a component of personalized learning, or another term used in place of
personalized learning. The review results show that instead of being a component, individualized
instruction has been used as a replacement term for personalized learning and is a product of
personalized learning. Bahceci and Gurol (2016) created a portal that offers individualized
learning content based on the individual’s cognitive knowledge level. Bahceci and Gurol (2016)
stated that education should be done by recognizing the students’ differences, such as students
learning styles (Cakiroglu, 2014; Klasnja-Mili¢evi¢ et al., 2011) and characteristics. The
researchers observed that Bahceci and Goral (2016) used individualized learning and
personalized learning interchangeably without pointing out that they were doing so.

Also, most individualized learning studies have used individualized instruction to refer to
IEP (individualized educational plans) for students with disabilities to accommodate their needs
and goals. Even though individualized instruction is suggested as an approach that individualizes

material to improve students’ learning experience with learning disabilities, it can benefit all
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students (Barrio et al., 2017; Ko et al., 2011). Personalized learning considers students’ interests,
needs, readiness, and motivation and adapts to their progress by situating the learner at the center
of the learning process. Individualized learning allows for individualization of learning based on
the learner’s unique needs (Lockspeiser & Kaul, 2016). While a learner-centered paradigm of
education has influenced personalized learning, the current teacher-student ratios in school
systems seem to be an obstacle to making learning experiences personalized for individual
students without technology (Lee et al., 2018), except for the requirement for IEPs in many

school districts.

Customized Learning

While Lee et al. (2018) suggested a learner-centered system that supports the diverse
needs and development of individual learners’ potentials. This system develops customized
instructional methods and learning content for individual learners with unique characteristics and
interests. Lee et al. (2018) suggested that learner-centered learning and personalized learning are
blended and considered together. Lee et al. (2018) defined a personalized learning plan (PLP)
that refers to a customized instructional plan (Somyurek, 2015) that considers individual
differences and needs, characteristics, interests, and academic mastery. The PLP includes the
notions of individualization, differentiation, and personalization that allows learning to be
personally relevant, engaging, appropriate to the learners’ capabilities, and respectful of
individual differences, making learning useful and motivational.

The review of those three terms reveals a great deal of overlap, emphasizing the need to
use technology to support such efforts. This study reviews definitions of personalized learning
terms used in research papers from 2010 to 2020 by systematically reviewing the literature to

compare the similarities and differences in definitions of each of these terms. The hope is to
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synthesize the terms used for personalized learning to analyze and go through the research in the
field and conduct meta-analyses and syntheses of the research literature. Also, analyzing the
definitions of the term ‘personalized learning,” ‘adaptive learning,” ‘individualized instruction,’
and ‘customized learning’ that have been used can help develop a unified definition for
personalized learning that can lead to a framework. The framework can help with having a
shared understanding of personalized learning rather than a collection of loosely defined
systems. A unified description of personalized learning and analyzing the studies related to
personalized learning can help consolidate findings and suggest new areas to explore.

My idea of personalized learning rests on the foundation that humans learn through
experience and by constructing knowledge. Personalized learning is influenced by a learner’s
prior experiences, backgrounds, interests, needs, goals, and motivation. Moreover, it is
accomplished via meaningful interactions in individual learners’ lives. Furthermore, no
conscious effort is needed to be actively learning while engaged in everyday life (Kinshuk,
2012), although reflection and mega-cognition can promote learning.

Adaptive instruction, blended instruction, differentiation, customized instruction,
individualized learning, adaptive learning, proactive supports, real-world connections, and
applications are hallmarks of good personalized learning. In general, personalized-learning
models seek to adapt to the pace of learning and the instructional strategies, content, and
activities used to fit each learner’s strengths, weaknesses, and interests. Personalized learning is
about giving students some control over their learning (Tomberg et al., 2013; Benhamdi et al.,
2017; Jung et al., 2019), differentiating instruction for each learner, and providing real-time
individualized feedback to teachers and learners (Nedungadi & Raman, 2012), which is all

effortlessly blended throughout the learning activity. Putting a framework together can help with
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a practical personalized learning model for all. The model can be developed and evolved as

technology develops, and we learn more about human learning and machine learning.

Research Methodology

For this review, Okoli’s guidelines for conducting a systematic literature review for
Information Systems Research were adapted (Okoli, 2015). Okoli’s work provides a detailed
framework for writing a systematic literature review with its information technology roots. As
this systematic literature review is rooted in information technology, it was deemed appropriate
to use Okoli’s work as the basis for this body of work.

Okoli presented eight significant steps that need to be followed to conduct a scientifically
rigorous systematic literature review. These steps are listed below:

1. Identify the purpose: The researchers identified the purpose and intended goals of the
study to ensure the review is clear to readers.

2. Draft protocol and train the team: Reviewers agreed on procedures to follow to ensure
consistency in completing the review.

3. Apply practical inclusion screen: Reviewers were specific about what studies they
considered for review and which ones they eliminated without further examination. The
reviewers created four phases to review papers to produce the final papers to review.

4. Search for literature: Reviewers described the literature search details and justified
how they ensured the search’s comprehensiveness.

5. Extract data: After reviewers identified all the studies to be included in the review,
they systematically extract the applicable information from each study by going through four

review phases they explained in the search query.
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6. Appraise quality: The reviewers explicitly listed the criteria used to decide which
papers they will exclude for insufficient search query quality. Researchers reviewed all papers
and decided on final papers after explicit four search phases. They finalized the papers to be
reviewed, depending on the content of the papers’ content and quality.

7. Synthesize studies: The researchers analyzed the data obtained from the studies using
appropriate qualitative techniques.

8. Write the review: The process of a systematic literature review was explicitly
described in adequate detail that other researchers could independently reproduce the review’s

results.

Research Questions
This literature review promotes research on personalized learning in informational
education. To fulfill the answer to “What are the similarities and differences of different terms
used for personalized learning approaches?”” we need a research base and theoretical framework
that provides answers to basic questions. Furthermore, the following questions are sub-questions
to be considered during the study.

1. How is personalized learning defined?
2. How adaptive learning has been used, and how it relates to personalized learning?

3. How individualized instruction has been used, and how it relates to personalized
learning?

4. How is customized learning connected to personalized learning?
5. What components need to be included in a well-defined personalized learning term?

Also, researchers are seeking a unified definition of personalized learning that will

include all those different components. That is the focus of this literature review was conducted.
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Sources of Literature

To answer the research question, the researchers have selected the following well known
and reputable databases to base this literature review: Scopus, Science Direct, EBSCOhost, IEEE
Xplore, JSTOR, and Web of Science to ensure all related journals of the field are included. The
most relevant journals for the systematic review were chosen consistently from these databases.
Also, Google Scholar h5-index for the category” Educational technology” was used as the
starting point since this category is a specific category for personalized learning studies.

Databases in which the literature review is based are listed in Table 2.1.

Table 2.1
Search Results for “Personalized Learning” for Selected Databases

Database
Name

# ’ Main Journals Listed (#articles)

Computers & Education (130)

Journal of Educational Technology & Society (72)

Educational Technology Research and Development (53)
Interactive Learning Environments (48)

Computers in Human Behavior (43)

International Journal of Emerging Technologies in Learning (36)
British Journal of Educational Technology (33)

Journal of Computer Assisted Learning (33)

EBSCOhost | 4372

Computers and Education (18)

Computers in Human Behavior (10)

Scopus 1826 Educational Technology Research and Development (10)
Education and Information Technologies (9)

Interactive Learning Environments (8)

Computers and Education (121)
Science 796 Procedia-Social and Behavioral Science (80)
Direct Computers in Human Behavior (68)

Procedia Computer Science (58)

International Journal of Emerging Technologies in Learning (30)
Computers Education (18)

451 Educational Technology Society (16)

Computers in Human Behavior (10)

Educational Technology Research and Development (10)

Web of
Science

(table continues)
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Database

# ‘ Main Journals Listed (#articles)
Name
Conference Proceedings (398)
IEEE IEEE Access (7) ' '
qallars 426 IEEE Transactions on Learning Technologies (4)

IBM Journal of Research and Development (2)
IEEE Transactions on Emerging Topics in Computing (2)

Educational Technology & Society (102)
JSTOR 241 Educational Technology (32)
Educational Technology Research and Development (29)

The top nine journals from the “Educational Technology” category from Google Scholar
h5-index were selected to keep the range of the papers manageable while ensuring the review is
broad enough to include enough studies that can satisfactorily answer the research question.
Later, most of the journals about educational technology were indexed. SJR (Scimago Journal
Rank) was used to validate the impact of the selected journals. Even though the impact factor is
not perfectly aligned with Google Scholar’s h5-index order, the selected journals listed the most
impactful journals in the educational technology field. Also, even though the Journal of Learning
Analytics was listed on Google Scholar and showed having a high impact on education
technology, researchers have not located any qualified paper according to selection procedures;
thus, this journal was eliminated from review.

This review solely retrieved peer-reviewed article papers from online journals because
those online academic journals are reliable and authoritative. They allow the readers to verify the
facts from their sources, which increases the reliability of enriched studies filled with data and
facts. They enable the readers to perform comprehensive research and allow the reader to access
more data without the limitations of space and time. A defined method was set in this research
for selecting journals to keep the process methodologically reliable and scientifically consistent.
The researchers review the primary databases for educational technology to ensure all related

journals are included. This review is only focused on journals to keep the scope of the review
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manageable and provide reviewed data to create a resource for future studies. Journals on which
to base this literature review are listed in Table 2.2.

Table 2.2

Google Scholar h5-Index and Journal Impact for Selected Journals

Journal Name

h5-Index & ’ SJR Impact

List Order Factor
Computers & Education 1-94 2.323
British Journal of Educational Technology 2-56 1.419
Elelzri?;[;rnational Review of Research in Open and Distributed 3.54 1202
The Internet and Higher Education 4-50 3.307
Journal of Educational Technology & Society 5-49 1.085
*Journal of Learning Analytics 6-36 1.072
Journal of Computer Assisted Learning 7-34 1.382
Education and Information Technologies 8-34 0.598
Educational Technology Research and Development 9-34 0.98

Supplementary Procedures
Relevant papers were initially identified through traditional searches of online databases
and journals. These papers were subsequently analyzed to determine their applicability to the

study.

Search Query

An appropriate search query was formulated that would find relevant, personalized
learning papers. The search query was as follows: (Publication Title :(“journal name”)) AND
(“term”) and the journals listed in the table were searched for each of the following terms:
“personalized learning, “adaptive learning,” individualized instruction,” and “customized

learning.”
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Inclusion/Exclusion Criteria

Four phases were determined to meet the paper’s inclusion criteria in the final set to be
reviewed. First phase was initial search, searching each term ‘personalized learning,” ‘adaptive
learning,” ‘individualized instruction,’ ‘customized learning,’ filtered years to 2010-2020 to
review personalized learning papers, which has been a hot topic for the research and
policymakers. The language was filtered to English only to not wait on translation; the paper
addressed technology integration and type of the paper research articles published in one of the
peer-reviewed scientific journals listed to keep the scope manageable. The second search phase
was eliminated by title, reviewing the abstract and keywords; researchers went through titles,
abstracts, and keywords of each result of the initial search and looked at the term.

The next search phase, reading the abstract of each paper of the second search result-set,
looking for a definition to see if it mentions the definition and/or terms that have been used for
the term and the paper was available at one of the free online databases or the researchers’
university library. The fourth step was to download all those papers to Mendeley (indexing
database) and index them under sub-folders for each journal database. The entire paper was then
read to determine if the paper was to be included in the literature review by looking for
components and definitions of personalized learning and star the ones to be included in the
review. Each paper that met the inclusion criteria was read in its entirety a second time to
validate the paper’s decision in the final data set.

An initial search on Google Scholar on ‘personalized learning” shows that the number of
published papers on personalized learning has progressively increased year by year; especially
there is a jump in 2008 (see Figure 2.1). The date range of 2010 to the present day was chosen as

this when personalized learning terms started to gain more attention to research due to
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technology usage increase in education. The first smartphone was released in June 2007, which
might increase due to the flexibility and access it provides. Cheung and Hew (2009) claimed that
handheld devices are increasingly being used in educational settings. Primarily, papers published
after the 2000s are focused on more technology-enhanced personalized learning. Table 2.3 shows
the results of the initial Google Scholar search on “personalized learning” published papers.

Figure 2.1

Number of Published Papers on “Personalized Learning”

Table 2.3
Journal Articles Containing “Personalized Learning” during Each Research Phase (#)

Phase Final

Journal Name ’ Initial ‘ Phase

Search | 2 Count
1. Computers & Education 121 32 10 9
2. British Journal of Educational Technology 82 6 3 1
3. The International Review of Research in Open and
Distributed Learning - > S S
4. The Internet and Higher Education 11 1 1
5. Journal of Educational Technology & Societ
(ETS) = v 102 18 6 6
6. *Journal of Learning Analytics 0 0 0 0
7. Journal of Computer Assisted Learning 35 7 3 3
8. Education and Information Technologies 91 25 8 8
9. Educational Technology Research and Development 59 13 5 3
TOTAL 534 107 38 33
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Results

Nine journals were determined as the source of papers to be reviewed for this study. Each

99 ¢ 99 C6y

journal was searched for “personalized learning,” “adaptive learning,” “individualized
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instruction,” “customized learning,” and each result gone through the inclusion criteria and final
phase; papers were saved in Mendeley under subfolders for each journal. Below are search
results for each phase by journals.

The title, abstract, and when necessary, the full paper was reviewed to decide if the paper
met the inclusion criteria. This process helped to finalize the papers that were used for this study,
and the result set for “personalized learning” and the result set for each term to be reviewed is
shown in Table 2.3. Some of the papers that did not fit the inclusion criteria are referenced in this
paper as they provide valuable information about personalized learning. I reviewed 978 papers,
and 4 phases of inclusion ended up with 56 relevant, high-quality papers. The 56 papers
identified are marked in the references section with an asterisk. The systematic review
methodology was used, and the literature search resulted in 56 relevant studies meeting the
inclusion criteria. As shown in Table 2.4, 56 papers met the minimum quality criteria and were
examined in detail; 33 of them use personalized learning, 17 adaptive learning, three
individualized instruction, and three customized learning as the leading term in the paper.

Findings revealed that although so many terms are used in education settings, by
policymakers and cooperate settings, in the research field, the terms used for personalized
learning are unified, and mostly personalized learning and/or adaptive learning is being used. For
example, Peng et al. (2019) are the ones who put the two most common terms used for

personalized learning together and started to use “personalized adaptive learning,” which might

be a good lead for future studies. Future research needs to focus on components included in the

31



personalized adaptive learning term’s definition, and components are included in it. Peng et al.
(2019) s paper was put all together very well, and Peng et al. (2019) called it a personalized
adaptive smart learning environment. Future studies can focus on what components are being
used for each personalized learning approach and, at the same time, acknowledge it is a term that
will evolve over time as I learn more about human learning and as technology development.
Table 2.4 shows the results of the searches for each term by journals.

Table 2.4

Journal Articles Containing “Personalized Learning,” “Adaptive Learning,” “Individualized
Instruction,” and “Customized Learning” (#)

“Personalized “Adaptive “Individualized | “Customized
Journal Name R AR A .
Learning. Learning. Instruction. Learning.
1. Computers & Education 9 6 0 0
2. British Journal of 1 4 0 0
Educational Technology
3. The International Review of
Research in Open and 3 1 0 3
Distributed Learning
4. The .Internet and Higher 0 0 0 0
Education
5. Journal of Educational
Technology & Society 6 3 2 0
(ET&S)
6. International Conference
on Learning Analytics and 0 0 0 0
Knowledge/Journal of
Learning Analytics
7. Journal of Computer
Assisted Learning 3 0 0 0
8. Educathn and Information ] ) 0 0
Technologies
9. Educational Technology 3 1 1 0
Research and Development
TOTAL: 56 33 17 3 3

Existing and Emerging Trends

Miliband (2006, as cited in Schmid & Petko, 2019) pointed out that the Organisation for
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Economic Co-operation and Development OECD (2006) was among the first to use personalized
learning term and described personalized learning in the report “Schooling for Tomorrow—
Personalising Education” as a critical trend. According to this educational policy report,
personalized learning is characterized by changes concerning five dimensions: assessment for
learning by giving students individual feedback and setting suitable learning objectives, teaching,
and learning strategies based on the individual needs, curriculum choices (Tomberg et al., 2013),
student-centered approach to school organization, and strong partnerships beyond the school.

According to the United States National Education Technology Plan 2017, personalized
learning is defined as “instruction in which the pace of learning and the instructional approach
are optimized for each learner’s needs. Learning objectives, instructional strategies, and
instructional content (Shute & Rahimi, 2017) may differ depending on learner needs. Besides,
learning activities are meaningful and relevant to learners, driven by their interests, and often
self-initiated.” (p. 9).

American Psychological Association Presidential Task Force on Psychology in Education
(1993, as cited in Lee et al., 2018) explained that a personalized learning plan (PLP) refers to a
customized instructional plan that considers individual differences or needs such as career goals,
characteristics, interests, and academic mastery. This includes the notions of individualization,
differentiation, and personalization. Preparing and implementing PLPs allows for adjusting the
pace to individual learners, adjusting instructional methods to individual characteristics, and
having different learning goals tailored to individual interests. Furthermore, Sungkur et al.
(2016) suggested an eye-tracking system to determine the user’s interest and behavior. The PLPs
allow learning to be personally relevant, engaging, appropriate to the learners’ capabilities, and

respectful of individual differences, making learning useful and motivational.
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Learning analytics seems to grow to ensure personalizing the content, which allows
mechanisms to identify student characteristics and associate them with a learning pattern (Ramos
de Melo et al., 2014). The ability to reactively organize personalized content may be a favorable
factor in promoting the study support in virtual learning environments, respecting students’
different individualities, preferences (Erumit & Cetin, 2020), and difficulty factors.

There is a research gap in an adaptive learning environment that focuses on emotions and
personality, which play a significant role in parts of adaptive systems, such as feedback (Fatahi,
2019). Furthermore, Junokas et al. (2019) created a system based on multimodal educational
environments that integrate gesture-recognition systems and found that it effectively improves
the learning experience.

The personalization of learning has been achieved using various methods that have been
made available by the rapid development of information communication technology (ICT)
(Dawson et al., 2010). Furthermore, Ramos de Melo et al. (2014) stated that personalization is
customizing the content that allows the present parts of the content needed by the student. That is
one of the most common themes among most personalized learning approaches, which can be
done using adaptive learning systems that can present personalized content for individual
students (Hwang et al., 2013).

The higher-order thinking skills and communication had attracted little attention in terms
of both learning outcomes and the process of adaptive/personalized learning due to the difficulty
of measurement and the limited learning support types. Furthermore, virtual reality techniques
might be a solution to this need. Developing learning approaches that build on students’ current
ability and support efficacy beliefs allows autonomy with a proper challenge to promote

academic attainment (Foshee et al., 2016; Xie et al.,2019). Future studies can focus on higher
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order thinking skills cultivation by supporting these skills through personalized learning

environments.

Discussion

The idea of personalized learning rests on the foundation that humans learn through
experience and by constructing knowledge. It is heavily influenced by a learner’s prior
experiences and is accomplished via language and social interaction. Personalized learning is not
the only way to think about teaching and learning. Moreover, learning will and should take many
different forms. Proper instruction, blended instruction, differentiation, proactive supports, real-
world connections, and applications are hallmarks of good, sound personalized learning. In
general, personalized-learning models seek to adapt to the pace of learning and the instructional
strategies, content, and activities used to fit each learner’s strengths, weaknesses, and interests.
Personalized learning is about giving students control over their learning, differentiating
instruction for each child, and providing real-time feedback. Putting a framework together can
help with practical personalized learning for all and can be developed as it faces challenges. The
framework can help with having a structured common-sense personalized learning instead of a
learning system interpreted differently. In conjunction with a well-designed curriculum,
instructional practice plays a crucial role in how children learn.

Most of the current personalized learning models/ideas are built on technology
integration. For example, while Chen et al. (2005) proposed a personalized system that provides
learning paths (Nabizadeh et al., 2020) that can be adapted to various levels of difficulty of
course materials (Zou & Xie, 2018) and various abilities of learners (p. 239). Klasnja-Milic¢evi¢
et al. (2011) stated that personalized learning occurs when e-learning systems make deliberate

efforts to design educational experiences (Flores et al., 2012) that fit the needs, goals, talents,
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motivations, and interests of their learners (p. 885). The term of needs is not specified to clarify
what needs of the learner need to be considered for robust personalized learning. Considering the
needs of the learner is one of the most common components used in personalized learning.
However, only a few studies clarify what needs are mentioned to be considered, such as
emotional needs, social needs, learning needs, knowledge needs, etc. Even if we agree on a
unified definition with each component commonly agreed on, we need to ensure that each
component is well defined.

In the past decades, many methods and systems have been proposed to accommodate
students’ needs by proposing learning environments that consider personal factors. Learning
styles (Klasnja-Milicevi¢ et al., 2011; Latham et al., 2013; Cakiroglu, 2014) have been among
the broadly chosen components in previous studies as a reference for adapting learning. For
example, George and Lal (2019) argued that personalized learning is meant to incorporate a
learner’s varied attributes, including learning style, knowledge level on a subject, preferences,
and learner’s prior knowledge while they discussed adaptive learning is adapting content
according to learner’s choice and pace. Chen et al. (2016) brought up the gender component to
personalized learning. Furthermore, Atkinson (2006) found that there was a significant
difference in learning achievement between male and female students and among students who
used different learning styles (Klasnja-Milic¢evi¢ et al., 2011; Latham et al., 2013, Cakiroglu,
2014).

Findings revealed that individualized instruction mostly focuses on special education
students, or students are limited compared to their peers. These students have IEPs
(individualized educational plans) mandated by the state to be followed to ensure the schools are

accommodating these students’ needs. One goal could be to create IEPs for all learners.
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Moreover, it seems in the education industry terms are quite varied, but when it comes to
academia, it is mostly adaptive learning and personalized learning being used interchangeably
Rastegarmoghadam and Ziarati (2017); however, most adaptive learning is being used when it is
technology-enhanced learning. Adaptivity is typically referring to the content being adjusted
according to prior knowledge (Huang & Shiu, 2012), while personalized learning is being used
for more broad adjustments according to different needs, interests, and goals of individuals.

Another finding is that adaptive learning is the most used term that follows personalized
learning. Individualized learning and customized learning, even though they are being used by
cooperative, they are not commonly used in research. As shown in Table 2.5, I have found 56
papers met the minimum quality criteria and were examined in detail; 33 of them use
personalized learning, 17 adaptive learning, three individualized instruction, and three
customized learning.

However, it seems that also the lack of a commonly identified personalized learning
approach is an obstacle. This might be due to the nature of technology involvement due to the
rapid development increase in technology that makes personalized learning an evolving
approach. That is fine if we all can agree that it should evolve as technology improves, and we
learn more about humans and how human-machine interaction can improve the learning process.

Another obstacle is that the researchers and policymakers should show the same interest
in personalized learning so the demand and research can align. Educators fear that machines will
take over the teaching job if they allow technology to be used for teaching. Kinshuk et al. (2013)
argued that the benefits of technology in education caught the interest of researchers,
governments, and funding agencies. Computer systems were funded to help students in the

learning process, consequently decreasing teachers’ workload. As a result, educational
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technology research was able to study advanced issues such as intelligent tutoring, simulations,
advanced learning management systems, automatic assessment systems, and adaptive systems.
Some educators believe that since technology involves big budgets, policymakers’ interest is not
due to the interest of improving the learning experience (Troussas et al., 2020); their interest is
due to the monetary benefit they gain from increased use of technology in education. Also,
Kinshuk et al. (2013) pointed out that practitioners in education could not take advantage of all
that research at an equally fast pace, and the implementation lagged severely behind. Researchers
need to keep up with the demand for personalized learning. The alignment will help ensure the
practices policymakers discuss are research-based efficient approaches that will increase
learning/teaching efficiency.

The research progress in personalized learning shows that by technological improvement,
personalized learning becomes more embedded with technology and taking advantage of the
benefits technology can offer. Some of these advantages are gathering data of learners’ emotions

using bio-trackers, which might bring up some privacy concerns.

Limitations

This study encountered several shortcomings during the review and in its attempt to
answer all the research questions. The enormous number of published papers might lead to
missing relevant papers; numerous literature review studies face this problem. Furthermore, the
effort to construct a search by identifying the keywords is crucial for the search process. The
keyword determination method was conducted using a snowballing process to identify the
reflections or keywords relevant to this study. Overlooking articles by omitting relevant
information or keyword combinations is likewise possible due to the limited time frame.

Nevertheless, this study also faces the possible limitation caused by the selection criteria.
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For example, this study focused on only journal articles and was limited to only documents
written in English. Therefore, other pertinent articles that are not written in English and were not

published in journals might not have included.

Summary

This study found and analyzed 56 relevant studies based on the research protocol. This
study’s findings support that adaptive/personalized learning has become a fundamental learning
paradigm in the research community of educational technologies. Firstly, the findings are
presented as they relate to the R.Q. (Research Question) s; then, the future direction and
limitations are discussed. The SLR results show that using personality traits and their
identification techniques has an enormously positive influence in adaptive learning
environments. This study is related to several significant domains of psychology, education, and
computer science. It likewise reveals the integration of personal traits in the adaptive learning
environment, which involves many personality traits and identification techniques that can
influence learning. Also, it found that there is an increase of interest in two areas that are
oriented towards the incorporation and exploration of significant data capabilities in education:
Educational Data Mining (EDM) and Learning Analytics (LA) and their respective communities
(Papamitsiou and Economides, 2014) which seems to add another perspective to personalized
learning and make it easier modify the learning according to individuals.

Personalized learning models gain more attention from governments and policymakers
than educators and researchers. We need to focus on the obstacles of lack of interest to motivate
the educators and researchers, the field experts, to voice their concerns and look for solutions to
come up with a robust personalized learning model that will satisfy both instructor and learners’

expectations. Personalized learning cannot be a solution to learning until it is defined as better
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and developed more thoroughly. Personalized learning for everyone looks different according to
the needs and goals of the individual. Ennouamani et al. (2020) argued that learners are different
in terms of their needs, knowledge, personality, behavior (Pliakos et al., 2019), preferences,
learning style, culture, and the parameters of the mobile devices that they use. Furthermore, the
researchers and educators’ increasing involvement in proposing personalized learning
approaches can increase trust towards the ICT supported personalized learning models.

In this review study, some critical research questions were answered, including the issues
with different terms that have been used for personalized learning, components of personalized
learning, and obstacles to the development of personalized learning. We need more research to
be done about personalized learning. We also need the involvement of experts in the field,
educators, pedagogues, researchers, software engineers, and programmers to create teams to
work on the same goal to produce stable, unified, personalized learning systems/models.

Also, some research issues and potential future development directions are discussed.
According to the discussions and results, it was found that adaptive/personalized learning
systems seem to evolve as technology develops; however, a unified agreement on the
components needs to be included in personalized learning models still needed. These
components may evolve as we learn more about human-machine interaction and learn to take
advantage of the technology to improve learning experiences. I suggest that researchers might
use the consolidated terms of this review to guide future meta-analyses of the impact of
personalized learning on student learning and performance.

To sum up, this study discusses the potential obstacles to personalized learning and

practical solutions for these issues. Different components used for personalized learning models
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were discussed, and personalized learning evolves as technology develops, and we learn more

about human-machine interaction.
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CHAPTER 3
A COMPREHENSIVE ANALYSIS OF PERSONALIZED LEARNING COMPONENTS*
Abstract
Personalized learning aims to personalize the learning experience according to

individuals’ unique needs, goals, and skills, which can be achieved using current instructional
technology that provides unique learning experiences in different learning environments.
Technology is the main component that will enable and enrich personalized learning experience;
however, even though the technology is available to personalize the learning experience, there is
still a lack of unified agreement on what components need to be considered for a dynamic
personalized learning approach that is to be able to provide a unique and effective learning
experience to each learner. This study aims to analyze and synthesize different personalized
learning approaches that consider different learning components to have an evolving agreement
on personalized learning models and approaches to addressing this need. The findings of this
research identified the following main components: learner profiles and attitudes, previous
knowledge and beliefs, personalized learning paths, and flexible self-paced learning
environments that are generated by learning analytics. These prominent characteristics imply that
a personalized learning environment (PLE) would need to be dynamic to maintain a current
record of learner interests and attitudes, past experiences, and performance and activities and
interactions likely to match a particular learner and learning goal.

Keywords: personalized learning, adaptive learning, intelligent tutoring systems (ITSs),
technology-enhanced learning (TEL), smart learning environments (SLEs), learning analytics

* This chapter is reproduced in its entirety from Shemshack, A., Kinshuk & Spector, J.M. (2021), A comprehensive
analysis of personalized learning components, Journal of Computers in Education, 1-19.
https://doi.org/10.1007/s40692-021-00188-7, with permission from Springer Nature.
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Introduction

Peng et al. (2019) defined personalized adaptive learning as “a technology-empowered
effective pedagogy which can adaptively adjust teaching strategies timely based on real-time
monitored (enabled by smart technology) learners’ differences and changes in individual
characteristics, individual performance, and personal development.” Learning involves activities
shaped by personal experiences, awareness, personal bias and opinions, cultural background, and
environment. This conception of learning implies a need to have a unique learning approach for
individuals according to their unique situations. The typical learning situation is for a group of
learners to be in the same learning environment and learning from the same source, regardless of
their many differences and situations. The way one perceives and learns from resources and
activities in a learning environment can vary significantly. However, a PLE’s goal is to provide a
unique and effective learning experience to each learner. This study analyzes and synthesizes
different personalized learning approaches that consider different learning components. The goal
is to develop general agreement on what is needed in an effective personalized learning
environment in the form of a personalized learning model.

This study aims to review different personalized learning approaches and models used in
research papers from 2010 to 2020 to compare the similarities and differences in components
that have been used. Also, to analyze and synthesize the research done in the field, to use
previous studies to analyze the problems and issues to allow further studies to build upon prior
studies.

This paper presents a comprehensive review of personalized learning components based
on published peer-reviewed research papers in the last ten years. The goal is to review different

personalized learning approaches and models used in research papers published in primary

48



databases and journals of learning technologies from 2010 to 2020 to compare the similarities
and differences in components that have been used. The purpose is to thoroughly examine prior
research and present an overview of findings to date.

Learning can be conceptualized as an experience or collection of experiences that expand
knowledge, understanding, perspective, skills, thinking, interpretations, and perception.
According to Spector (2012,2013), learning involves a stable and persisting change in what one
knows and can do. Moreover, different learning models and approaches have evolved over the
years. Learning models and approaches evolve along with technology and our knowledge of
human learning. According to Xie et al. (2019), personalized learning has become a critical
learning paradigm in the research community of educational technologies.

A promising learning method, personalized learning (PAL), is a new personalized
learning approach that is computerized and makes decisions based on data gathered by a
programmed system that accommodates learning to learners’ real-time learning conditions and
adjust the learning content and activities to meet learners’ characteristics and needs through
SLEs (Peng et al., 2019). While personalized learning is still in the early stages of development
and evolution, there are important lessons to be learned from reviewing the existing research
literature in this area.

This research literature analysis suggests that it is much too early, and there is too little
evidence to conclude that one model is the best. Moreover, different learning approaches will be
appropriate depending on different circumstances, including course content, learner experiences,
learner maturity, learner intelligence, instructor goals, learner skills, and preferences. There are
many more choices and opportunities than were available to previous generations of learners and

teachers. At least in principle, it is now possible, if not yet widely implemented, for teachers to
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facilitate personalized learning approaches according to individual learners’ unique needs.

Furthermore, Miliband (2006, as cited in Lee et al., 2018) discussed that the goal of
personalized learning is to help and support everyone to reach their maximum potential by
customizing instruction, including content, instruction delivery, and the pace at which it is
learned, to meet unique needs, such as diverse learner characteristics and interests. The
importance of personalized learning has been widely acknowledged by international
organizations, governments, and education (Kinshuk et al., 2013). Also, there is growing
evidence that the personalized, learner-centered paradigm can significantly enhance learning
outcomes (Vandewaetere et al., 2012). In K-12 settings in the USA and other countries, it is
already possible to create individual learning plans for students with disabilities that fit their
capabilities with various learning goals and objectives. One way to characterize personalized
learning in K-12 settings is to argue that every student should have an individualized learning
plan.

For this review, Okoli’s (2015) guidelines for conducting a systematic literature review
for Information Systems Research were adapted to provide a detailed framework for writing a
systematic literature review with its information technology roots. To analyze current literature,
the researchers have selected the following well known and reliable databases to structure this
literature review: Scopus, Science Direct, EBSCOhost, IEEE Xplore, JSTOR, and Web of
Science to ensure all related journals of the field (Shemshack & Spector, 2020) are included in
this study. The most relevant journals for this study were chosen consistently from these
databases. Furthermore, the Google Scholar h5-index for the category “Educational technology”
was used as the starting point since it is a specific category for personalized learning studies.

Peer-reviewed article papers from online journals were retrieved for this study because those
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online academic journals are reliable and authoritative. The researchers reviewed the primary
databases for educational technology to ensure all related journals are included. This review is
only focused on journals to keep the scope of the review manageable and provide reviewed data
to create a resource for future studies (Shemshack & Spector, 2020). Relevant papers were
initially determined through searches of online databases and journals. These papers were
subsequently examined to determine their applicability to the study. The papers explained what
components they considered for personalized learning systems were selected for further analysis.

The researchers believe that a comprehensive, personalized learning experience can
improve the learning experience for all. As a result, this primarily descriptive study analyzed
components used in different personalized learning systems and models to provide a
comprehensive analysis of personalized learning components that provide unique learning
experiences to all. To serve this study’s purpose and address the gap suggested earlier, the
following research question was addressed:

1. What components need to be included in a comprehensive, personalized learning
approach? We also considered the following sub-questions:

a. What are the similarities and differences of used components of personalized
learning approaches? This question narrowed the focus of the study on
components and their impact on learning. The study focused on the
differences and similarities of each component and how they impacted
learning. This approach helped the researchers decide if the related component
should be considered as a significant learning component. Researchers
highlighted components in each system to look for patterns and similarities
while paying attention to differences and their impact on learning outcomes.

b. Furthermore, the following sub-question helped compare different
personalized learning models, so any relationship between used
systems/models and components could be identified. What systems and
models are available to personalize adaptive learning experience for all?

Sub questions provided a more focused approach to the study. Moreover, researchers

focused on analyzing and synthesizing different personalized learning approaches that consider
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various learning components, so an evolving cooperative agreement on a dynamic, personalized
learning model can be created.

Researchers reviewed papers from primary databases and journals on learning
technologies published between 2010 and 2020 years to analyze components of different systems
and models of personalized learning. The articles were chosen to be reviewed, depending on the
content of the papers’ content and quality. Researchers thoroughly analyzed those components to
provide a comprehensive analysis of personalized learning components that provide unique
learning experiences to all. The researchers identified the study’s purpose and intended goals to
ensure the analysis is clear to readers.

Researchers presented previous work on personalized learning in the literature review
section. The review results are explained in detail on different components used in different
personalized learning environments in the current trends section under two subtitles -components
of personalized learning models and systems- and tools and systems.

The review’s discussion is presented in the discussion section, followed by future

research direction and conclusion.

Literature Review
Boeree (2000) suggested that individuals can generate their own learning experiences and
interpret information in the same or different ways as others, as each person has a unique
interpretation and perspective on the world. Personalized learning (Yang et al., 2010; Chatti &
Muslim, 2019; Peng et al., 2019) has been implemented by the support of intelligent learning
systems that mostly consider integrating learners’ preferences, analyzing individual learning
data, creating learner profiles, etc. by dynamically facilitate the learning process.

The United States National Education Technology Plan 2017 defines personalized

52



learning as instruction that allows adjusting the pacing of learning and the instructional approach
to optimize each learner’s needs (U.S. Department of Education, 2017). Indeed, pacing is one of
the main components of the personalized learning but is not the only one for a holistic,
personalized learning experience that provides a unique learning experience to all according to
their needs, skills, interests, and goals. Furthermore, Peng et al. (2019) claimed that personalized
learning has gradually become more complicated with technology development.

Peng et al. (2019) defined personalized learning as a technology-empowered effective
pedagogy that can adaptively modify teaching strategies based on real-time monitoring, enabled
by smart technology that considers learners’ differences in individual characteristics, individual
performance, and personal development.

The increased interest in personalized learning can result from the acceptance of learning
as a unique experience, and acquired knowledge is unique to individuals. According to Xie et al.
(2019), it has been commonly acknowledged in various learning/psychological theories that
learning experiences and acquired knowledge are unique. To analyze the studies on personalized
learning components, researchers thoroughly analyzed those components to provide a
comprehensive analysis of personalized learning components that provide unique learning

experiences.

Current Trends
This study includes different components used for personalized learning models and
systems, the systems and tools are available to personalize learning experience and the

differences and similarities of each of those models and systems.

Components of Personalized Learning Models and Systems

Most personalized learning approaches focus on learner needs and previous knowledge
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and aim to provide content accordingly. Erumit and Cetin (2020) created a table to display
design features of adaptive intelligent tutoring systems to list their features by the dates that they
were developed and found that the last three systems are developed after 2015 focused on
adapting content according to the learner responses, allows the learner to interact and choose the
content. These components seem to align with Peng et al.’s (2019) definition of personalized

learning.

Learning Styles

Tseng et al. (2008) believed that integrating two data sources of individual learning styles
and learning behaviors such as learning effectiveness, concentration degree, and learning
achievement can be used as the key parameters to determine the individual learners’ personalized
learning materials. However, Hwang et al. (2013) argued that even though learning styles are
considered one of the most common factors that need to be considered in developing adaptive
learning systems, few studies have been conducted to investigate if students can choose the best-
fit learning systems or content presentation styles for themselves in terms of learning style
perspective. Therefore, Hwang et al. (2013) investigated students’ perceptions of the most
beneficial educational systems from the perspective of learning styles. Their study findings
showed that: (a) Students learn better with the version designed for their learning style. This
demonstrates the importance of adaptive learning systems, which are based on learning styles.
(b) Students do not necessarily choose the version which has been designed for their learning
style. This is very important because most adaptive systems create an initial user model based on
individual students’ answers to a questionnaire or choices of a set of parameters that are always
assumed to be “reasonable.” The experiment’s results demonstrated that this might be untrue in

some cases since user choices can be irrelevant to their learning performance. Hwang et al.
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(2013) claimed this could significantly impact the design of adaptive learning systems that model
needs to be refined and updated in an adaptive approach, which is inherently dynamic and

subject to ongoing refinement.

Cognitive Styles

On the other hand, the results of research on learning profiles that considered personality
and cognitive styles (Triantafillou et al., 2003) to determine the correlation between learning
profile and ability, academic performance or the atmosphere of teaching and learning in the
classroom, (Ehrman, 2001; Ehrman & Oxford, 1995; Reiff, 1992) showed the importance of
including personality and cognitive styles in personalized learning approaches. However, a
robust learner profile is also likely to change with time as learner interests and competence

change as they mature and have more experience.

Self-Reflection and Self-Regulated Learning

Furthermore, Chatti (2010) argued that progressive development learning is a complex
activity that involves self-reflection and self-regulation. Panadero (2017) claimed that self-
regulated learning (SRL) is one of the most critical research areas in education over the last two
decades, including the cognitive, metacognitive, behavioral, motivational, and
emotional/affective aspects of learning which increase the data available to researchers.
Following the lead, a unified evolving personalized learning model can be generated to provide
learners with a more satisfied and engaging learning experience that considers diverse needs and
goals. With our current teacher-student ratio to provide instruction according to each student’s
needs seems not to be possible; Chatti and Muslim (2019) and Peng et al. (2019) suggested that
SLEs are needed to support personalized learning by helping learners to achieve their learning

goals by providing tools that promote awareness, recommendation, self-reflection, assessment,
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feedback, and motivation. There are indeed many personalized learning models and systems
available to both researchers and educators; however, as in the example of SRL, there is no
defined age or learner “preparation considered to ensure the learner is ready to self-regulate their

learning experience.

Flexible Pacing

One of the components that most educators and researchers agreed upon is allowing
students to learn at their own pace is a strength and advantage that personalized learning
provides. Sturgis and Patrick (2010, as cited in Lee et al., 2018) explained that well-designed
technology systems allow personalized learning to be operational by monitoring individual
progress, suggest personalized learning paths, and allowing students to move at their paces.

Also, Wang and Liao (2011) used four components: gender (Chen et al., 2016), learning
motivation, cognitive type (Triantafillou et al., 2003), and learning style as different learning
characteristics. Wang and Liao (2011) aimed to propose an algorithm to determine optimal
adaptive learning sequences for instruction that accommodate a variety of individual differences
by using a survey of the literature as a basis; four factors were derived and selected as the
variables to be used for the learners’ characteristics in the experiment that included 295 first-year
students in Taiwan. Wang and Liao (2011) defined learning profiles as a preference for specific
ways of learning to suggest optimal way to support learning, as Curry; Shaughnessy (1991; 1998,
as cited in Wang & Liao, 2011) explained that a combination of one’s motivation, engagement,
and cognitive processing habits, that shows distinctive and habitual ways in which people
proceed to concentrate on and interact with instructional content presented in a learning
environment. Besides, Scanlon et al. (2012, as cited in FitzGerald et al., 2018) explained that

issues that affect learners’ lives, in the classroom, on field trips, and in their homes could support
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learning; as a result, they identified three aspects of personalization: personal relevance, choice
and learner responsibility. Scanlon et al. (2012, as cited in FitzGerald et al., 2018) also
mentioned that systems could capture learner data and model their emotions via facial
recognition, processing voice recorded data, sentiment analysis of student comments, heart rate
detection using video cameras, and so forth (see, e.g., Calvo & D’Mello, 2010). This would be
exemplified by the “whole person” personalization element and have a high level of
sophistication, considering many learning characteristics.

Furthermore, Lee et al. (2018) pointed out that to take advantage of technology, it is
essential to have a technological system that collects learners’ data and seamlessly feeds the data
into each function. Learners’ data collected in the assessment function should flow into the
recordkeeping function, where the data are analyzed with the previous history of each student’s
data. The learning analytics (LA) should flow into the planning function to prepare personalized
learning plans. Based on these LA data, artificial intelligence can suggest a project that may be
interesting to the student and meet their learning needs in the instruction function and guide it.
The assessment function should be fully integrated with the instructional function through just-
in-time tutorials that entail each student practicing each competency until the criterion for
mastery has been reached.

Chen et al. (2016) suggested considering the gender (Wang & Liao,2011) component for
personalized learning. Chen et al. (2016) identified that the learners’ gender differences,
cognitive styles, and prior knowledge would lead to different reactions to personalized or non-
personalized systems during the learning process. For example, female learners achieved better
performance than male learners in the personalized scenario, whereas male learners

outperformed females in the non-personalized learning scenario. Furthermore, Atkinson (2006)
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found a significant difference in learning achievement between male and female students and
students who used different learning styles.

Liu and Yu (2011) added mood to personalized learning components and defined
personalized learning as a service that provides learning content to fit learners’ differences.
Learning achievements are influenced by cognitive and non-cognitive factors such as mood,
motivation, interest, and personal styles. Liu and Yu (2011) also suggested that teachers and
educational designers need to understand the variations in students’ attitudes, motivation, and
style and their ability using Item Response Theory (IRT) model to understand the learners’
abilities.

Li et al. (2013) pointed out the importance of knowing the learning habits. They
developed a SCROLL system (System for Capturing and Reminding of Learning Log) that
allows learners to log their learning experiences with photos, audios, videos, location and share
and reuse them with others. The goals of SCROLL are lying in helping users efficiently record
their learning experiences and recall them via the context, recommending other learners’ learning
experiences for them, finding out individuals’ learning habits, and supporting their learning per

personal learning habits.

Tools and Systems

There are many tools and systems available that can provide a unique learning experience
for all. Chatti and Muslim (2019) and Peng et al. (2019) suggested that SLEs and LA are
essential tools to allow learners to meet their learning goals by providing tools that promote
awareness, recommendation, self-reflection, assessment, feedback, and motivation, which are

essential components of personalized learning.
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Smart Learning Environments

Chatti and Muslim (2019) brought attention to the necessity of SLE to support
personalized learning by providing systems that foster awareness, recommendation, self-
reflections, assessment, feedback, and motivation. Hwang (2014, as cited in Zhang et al., 2018)
argued that an SLE could offer instant and adaptive support to learners by immediate analysis of

individual learners’ needs from different perspectives.

Intelligent Tutoring Systems

Another system that supports personalized learning experience is intelligent tutoring
systems (ITS), which employ computational algorithms or models to deliver immediate feedback
and learning instructions to learners without human teachers (Psotka et al., 1988). ITS
incorporates built-in expert systems to monitor a learner’s performance and personalize
instructions based on adaptation to the learners’ learning style, current knowledge level, and
appropriate teaching strategies in e-learning systems (Phobun & Vicheanpanya, 2010).
Walonoski and Heffernan (2006, as cited in Hwang et al., 2012) pointed out that Intelligent
tutoring systems are such learning systems that provide personalized learning supports or
feedback to help individual students improve their learning performance based on their personal
information, such as the records in their profiles or learning portfolios. They discussed the
adaptive learning systems could be viewed as a special intelligent tutoring system that adapts the
presentation of educational materials to students’ needs.

Canfield; Kaklauskas et al., Woo et al. (2001;2006; 2006 as cited in Wang & Liao, 2011)
explained that adaptive learning systems that are implemented in the context of computer-
mediated instruction are called intelligent tutoring systems (ITSs), and ITSs dynamically adapt

the learning content, the pedagogical model, and human-computer interaction to the objectives,
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needs, and preferences of individual users for effective learning and teaching. However, they do
not explain why they needed to differ ITS instead of claiming it as a supportive tool to
adapt/personalize the learning. By collecting students’ learning styles, preferences, and
performances by tracking their knowledge, work, and feedback, the system can make inferences
from students’ learning strengths and weaknesses to suggest additional work (Kaklauskas et al.,
2006; Woo et al., 2006). Furthermore, ITS has always been used in e-learning and long-distance
learning, not in blended classroom instruction. We do not see a need for separating a learning

approach for distance learning versus in-class learning anymore.

Data Mining and Learning Analytics

Zhu and Guan (2013) suggested that two applications that provide big data in education
are data mining and learning analysis. These two applications are expected to collaborate on
promoting learning by using registered learning data more effectively in evaluating learning
methods, predicting anticipated performance, and identifying possible problems.

LA can play an essential role in examining data collected from multiple learning
environments, promoting customized activities according to different learners’ needs and goals,
contributing insights and perception into how learners function in these environments and
supporting the learners best in the process. LA allows promoting personalization by providing
insights and understanding how learners learn and meet their goals and needs. Chatti and Muslim
(2019) also pointed out the increased interest in LA to promote personalized learning. Siemens
(2010, as cited in Zhang et al., 2018) defined learning analytics (LA) as the use of learners’ data
and analysis models to identify information and social connections and predict and guide
learning. Zhang et al. (2018) supported the idea of LA and SLEs.

Another approach that allows personalizing the learning is learner profiles, which aim to
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portray the individual characteristics of each learners’ strengths, preferences, motivations, etc.;
competency-based progression evaluates the learners’ progress by continuously measuring the

proper completion of the learner’s learning objectives; personal learning is to provide a learner
with a path to personal advancement; flexible learning environment as a flexible and intelligent
learning environment can provide adequate support for the adaptive modification of teaching

strategies.

Wearable Devices

Borthwick et al. (2015, as cited in Xie et al., 2019) brought up that wearable personal
learning, which aims to collect data from the person wearing the device or from the surrounding
environment to enhance differentiation of instruction and student engagement, will become a
new trend with the development of information technologies for learning applications deployed
on mobile and wearable devices. For the learning content in adaptive/personalized systems,
individual learning data acquisition can be used for artificial intelligence to acquire content-
specific knowledge and skills. They also pointed out that higher order thinking skills and
communication have attracted little attention in terms of both learning outcomes and the process
of personalized learning due to the difficulty of measurement and the limited learning support
types (Shemshack & Spector, 2020). Recently, virtual reality techniques have started to support
collaborative and immersive learning environments, which will increase the possibility of
cultivating higher order thinking skills and communication in personalized systems soon.

Moreover, all these systems assert the goal-driven personalized learning that is a cyclical
process and composed of different dynamic phases. Although using different labels, all
approaches share typically identifiable phases that include goal setting by analyzing tasks,

planning, activating goals, self-motivation, executing performance, and evaluating through self-
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reflection, feedback, monitoring, controlling, appraisal, regulating, adapting, reacting (Panadero,

2017).

Discussion

Current personalized learning models heavily rely on technology, which allows us to
implement personalized learning in our current learning environments with less effort. Machine
learning, data mining, and human behavior are determining factors that shape personalized
learning. Among many different models and systems that focus on personalized learning
experiences for all, it is found that they all based on each human being is unique, so their needs
are. As a result, there have been attempts to personalize the learning by considering individuals’
specific differences (Shemshack & Spector, 2020). The most used component for personalized
learning is learning style. Graf et al. (2009) argued that even though learning styles have been a
controversial topic, the learning style models agree that learners have different ways in which
they prefer to learn.

Furthermore, many educational theorists and researchers consider learning styles as an
essential factor in the learning process. They agree that incorporating learning styles in education
has the potential to facilitate learning for students. Graf and Kinshuk (2006) suggested that
detecting learners’ needs (learning style) is challenging but essential for providing learning
adaptivity. While Hwang et al. (2013) found that even learning style improves learning, it was
observed that if the choice was given to learners, they did not choose the learning style that
helped them learn better.

This finding raises the question that should control over their learning style be given to
learners, or should the data collected from learners determine the learning style? Several studies

and learning theories showed that when the learner was given control over their learning, they
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learned better; however, we need to define what it means to give control to the learner. Self-
pacing learning is one way to give control to the learner, which found to improve learning while
giving control over how to learn did not end up with learners to choose the right learning style
for themselves.

As a result of the focus of this study what components need to be included in a
comprehensive, personalized learning approach, it was concluded that one of the components
that most educators and researchers agreed upon is allowing students to learn at their own pace,
which is a strength and advantage that personalized learning provides. While self-pacing learning
seems to be one of the critical components of personalized learning systems, which has been
proven to increase learning, learner needs, and previous knowledge are the main goals to provide
content accordingly to learners. Adapting content according to the learner’s responses allows the
learner to interact and choose the content. Furthermore, learning profiles that considered
personality and cognitive styles showed the importance of including personality and cognitive
styles in personalized learning approaches. Panadero (2017) claimed that self-regulated learning
(SRL) is one of the most critical areas in education; however, there is no clear definition of how
SRL should look and how to empower the learner self-organize the learning materials. Cognitive
type; engagement, cognitive processing habits, personal relevance, choice, and learner
responsibility, cognitive styles; prior knowledge, learning style, and non-cognitive factors such
as gender, mood, learning motivation, interest, learning habits, and personal styles are other
learning characteristics that have been considered for different personalized learning systems.

Similarly, as different personalized systems were analyzed to find out the similarities and
differences of used components of personalized learning approaches, it was found that while at

first cognitive components were the focus of for personalized learning systems such as learning
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styles and self-pacing were main components considered, the focus of researchers have
broadened to non-cognitive components as we learned more about human learning. The
cognitive and non-cognitive components used for personalized learning are listed in Table 3.1, to
provide a more systemically presentation of the results described and evaluated.

Table 3.1

Summary of Cognitive vs Non-Cognitive Components Used for Personalized Learning

Cognitive
assessment Chatti and Muslim (2019), Peng et al. (2019)
o Ehrman (2001), Ehrman & Oxford (1995), Liu and Yu (2011), Reiff
ability
(1992)
Chatti and Muslim (2019), Curry (1991), Kaklauskas et al. (2006),
feedback Peng et al. (2019), Psotka et al. (1988), Shaughnessy (1998),

Walonoski and Heffernan (2006), Wang & Liao (2011)

Canfield (2001), Kaklauskas et al. (2006), Lee et al. (2018), Miliband
adaptive content delivery (2006), Phobun & Vicheanpanya (2010), U.S. Department of
Education (2017), Woo et al. (2006)

Borthwick et al. (2015), Curry (1991), Erumit and Cetin (2020),

e GREnETmet Panadero (2017), Shaughnessy (1998), Wang & Liao (2011)

Curry (1991), Panadero (2017), Shaughnessy (1998), Wang & Liao

cognitive processing habits | 57

Atkinson (2006), Graf and Kinshuk (2006), Hwang et al. (2013),
learning styles Kaklauskas et al. (2006), Panadero (2017), Phobun & Vicheanpanya
(2010), Tseng et al. (2008), Wang and Liao (2011)

Chen et al. (2016), Panadero (2017), Triantafillou et al., 2003, Wang

cognitive styles and Liao (2011)

Erumit and Cetin (2020), FitzGerald et al. (2018), Panadero (2017),

SanE ol Scanlon et al. (2012)

personal relevance FitzGerald et al. (2018), Panadero (2017), Scanlon et al. (2012)
learner responsibility FitzGerald et al. (2018), Panadero (2017), Scanlon et al. (2012)
self-reflection and self- Canfield (2001), Chatti (2010), Chatti and Muslim (2019), Kaklauskas
regulation et al. (2006), Woo et al. (2006), Peng et al. (2019), Panadero (2017)

rior knowledee Chen et al. (2016), Kaklauskas et al., (2006), Panadero (2017), Phobun
p & & Vicheanpanya (2010)

Sturgis and Patrick (2010), Lee et al. (2018), Miliband (2006), U.S.

flexible pacing Department of Education (2017)

(table continues)
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Non-Cognitive

gender

Atkinson (2006), Chen et al., (2016), Panadero (2017), Wang and Liao
(2011)

learning motivation,
concentration degree

Chatti and Muslim (2019), Curry (1991), Liu and Yu (2011), Panadero
(2017), Peng et al. (2019), Shaughnessy (1998), Tseng et al. (2008),
Wang and Liao (2011)

mood

Liu and Yu (2011), Panadero (2017)

learning habits

Li et al. (2013), Panadero (2017)

interest, emotions;
confusion, engagement,
frustration, boredom,
curiosity, etc., preferences

Calvo and D’Mello (2010), Canfield (2001), FitzGerald et al. (2018),
Kaklauskas et al. (2006), Lee et al. (2018), Liu and Yu (2011),
Miliband (2006), Panadero (2017), Scanlon et al. (2012), Woo et al.
(2006)

personal styles, individual
characteristics, personality,
learner profiles

Gomez et al. (2014), Lee et al (2018), Miliband (2006), Liu and Yu
(2011), Panadero (2017), Peng et al. (2019), Triantafillou et al. (2003),
Walonoski and Heffernan (2006)

individual academic

Ehrman, (2001), Ehrman & Oxford (1995), Reiff (1992), Kaklauskas et
al. (2006), Peng et al. (2019), Sturgis and Patrick (2010), Tseng et al.

[PETIPIAILGE (2008), Walonoski and Heffernan (2006)
Canfield (2001), Gomez et al. (2014), Graf and Kinshuk (2006),

needs Hwang (2014), Kaklauskas et al. (2006), U.S. Department of Education
(2017), Woo et al. (2006)

awareness Chatti and Muslim (2019), Peng et al. (2019)

personalized . Chatti and Muslim (2019), Peng et al. (2019)

recommendation

personalized learning path

Sturgis and Patrick (2010)

Furthermore, the following analysis helped compare different personalized learning

models, so any relationship between used systems/models and components could be identified.

Peng et al. (2019) ‘s definition of personalized learning as a technology-empowered effective

pedagogy that can adaptively modify teaching strategies timely based on real-time monitoring,

which is enabled by smart technology that considers learners’ differences changes in individual

characteristics, individual performance, and personal development summarizes the components

and elements of personalized learning very well. This definition clarifies that technology tools

have a significant role in personalized learning systems by collecting learners’ data and

seamlessly feeding the data into each function.
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SLEs and LA are essential tools to allow learners to meet their learning goals by
providing tools that promote awareness, recommendation, self-reflection, assessment, feedback,
and motivation, which are essential components of personalized learning. Also, LA can play an
essential role in examining data collected from multiple learning environments, supporting
customized activities according to different learners’ needs and goals, contributing insights and
perception into how learners function in these environments, and how to empower the learners
best in the learning process. LA allows personalization by providing insights and understanding
how learners learn and meet their goals and needs by connecting the previous history of each
learner’s data.

Another system that supports personalized learning experience is intelligent tutoring
systems (ITS), which employ computational algorithms or models to deliver immediate feedback
and learning instructions to learners without human teachers (Psotka et al., 1988). Intelligent
tutoring systems (ITSs) dynamically adapt the learning content, the pedagogical model, and
human-computer interaction to the objectives, needs, and preferences of individual users for
effective learning and teaching by collecting students’ learning styles, preferences, and
performances by tracking their knowledge.

Two main applications that provide big data in education are data mining and learning
analysis. These are two approaches that allow personalizing the learning by using learner
profiles, which aim to portray the individual characteristics of each learners’ strengths,
preferences, motivations, etc.; competency-based progression evaluates the learners’ progress by
continuously measuring the proper completion of the learner’s learning objectives; personal
learning is to provide a learner with a path to personal advancement; flexible learning

environment as a flexible and intelligent learning environment can provide adequate support for
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the adaptive modification of teaching strategies.

All these systems and tools would be exemplified by the holistic personalization element
and have a high level of sophistication, considering many learning characteristics that can help
personalized learning by capturing learner data and modeling their emotions via facial
recognition, processing voice recorded data, sentiment analysis of student comments, and heart
rate detection using video cameras.

It is observed that, as Miliband (2006, as cited in Lee et al., 2018) argued, the goal of
personalized learning is to help and support everyone to reach their maximum potential by
customizing instruction, including content, instruction delivery, and the pace at which it is
learned, to meet unique needs, such as diverse student characteristics and interests of learners by
considering the most common components have been used for different personalized learning
systems.

Furthermore, ITS provide significant support to create dynamic, evolving personalized
learning environments that are cyclical and gather data from learner by creating learning profiles
that are created by learning analytics. Ongoing input from learner attitudes and patterns allows
ITS to adjust the learning activity and content to be adjusted according to the data collected, such
as the learner’s mood, previous knowledge, skills, motivation, gender, interests, abilities,
learning pace, and learning behaviors.

Gomez et al. (2014) stated that the key benefits of a personalized learning approach are
that learners are provided with adaptive and personalized learning experiences tailored to their
educational needs and personal characteristics to maximize their satisfaction, learning speed, and
learning effectiveness. Learning effectiveness is one of the results we have been hoping for, for

centuries, and improvements in learning effectiveness motivate us to look for how to improve it
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more. The research progress in personalized learning shows that as technology develops,
personalized learning takes advantage of the benefits technology can offer that increase the
components that can be considered to personalize the learning. However, some concerns need to
be considered while collecting data from learners, such as privacy concerns and keeping the data
collected from individuals safe.

Chatti and Muslim (2019) pointed out that personalized learning models are labeled
differently; they all in core assert the goal-driven nature of personalized learning and view

personalized learning as a cyclical process composed of different phases.

Limitations

This study had several shortcomings during the review and in its attempt to answer all the
research questions. The literature review is a time-consuming process and labor-intensive
approach, and especially with personalized learning, there is an enormous number of studies
available. The tremendous number of published papers might lead to missing relevant papers as
many literature review studies face this problem. Moreover, the extensive effort to construct a
search by identifying relevant keywords is critical for the search process. The keyword
determination process was conducted using a snowballing process from related studies to
identify the reflections or keywords relevant to this study, and it might be subjective.
Overlooking articles by omitting important information or keyword combinations is likewise
possible due to the authors’ limited time frame and misinterpretations.

Nonetheless, this study also confronts the possible limitation originated by the selection
criteria. For example, this study focused on only journal articles and was limited to only

documents written in English and studies published between 2010 and 2020. Therefore, other
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pertinent articles that are not written in English and were not published in selected journals or

within the same timeline might not have included.

Future Research Directions and Conclusion

Our findings revealed that the range of components being used to personalize learning is
widening as technology develops. As we learn more about human learning and what technology
can provide us to personalize learning experience, such as gathering data of learners’ emotions
by using bio-trackers, which might bring up some privacy concerns, we are redefining our
understanding of personalized learning. Future research can focus on what privacy concerns we
might face and address those concerns and protect learners’ privacy.

In conclusion, this study found that a unified evolving personalized learning approach
would consider four main components; learner profiles, previous knowledge, personalized
learning, and a flexible self-paced learning environment that generates a personalized learning
path according to provided dynamic learning analytics. This paper presents a clear understanding
of personalized learning components, models, and approaches. This study serves to contribute to
future studies and practices on personalized learning and learning in general.

This study’s findings support that personalized learning has become a fundamental
learning paradigm in the research community of educational technologies. Firstly, the current
trends are presented as they relate to the Research Questions; then, the future direction and
limitations are discussed. The study shows that using personality traits and their identification
techniques has an enormously positive influence in personalized learning environments.

This study is related to several significant psychology, education, educational, and
computer science domains. Likewise, it reveals the integration of personal traits in the adaptive

learning environment, which involves many personality traits and identification techniques that
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can improve learning. Also, it found that there is an increase of interest in two areas that are
oriented towards the incorporation and exploration of significant data capabilities in education:
Educational Data Mining (EDM) (Shemshack & Spector, 2020) and LA. According to
Papamitsiou and Economides (2014), EDM and LA communities seem to add another approach
to personalized learning and make it easier modify the learning according to individuals.

Personalized learning for everyone looks different according to the needs, goals, interests,
skills (Shemshack & Spector, 2020), and many other individual components throughout the
paper. Ennouamani et al. (2020) argued that learners are diverse in terms of their needs,
knowledge, personality, behavior (Shemshack & Spector, 2020; Pliakos et al.,2019), preferences,
learning style, culture, and the parameters of the mobile devices that they use.

This study has answered some critical research questions, including different components
used with personalized learning and systems and models that lead to efficient, effortless
personalized learning. Also, some research issues and potential future development directions are
presented. According to the discussions and current trends, it was found that personalized
learning systems seem to evolve as technology develops. These components may evolve as we
learn more about human-machine interaction and learn to use technology to improve learning
experiences (Shemshack & Spector, 2020). We suggest that researchers use the components
reviewed in this study to guide future studies on the impact of personalized learning on student
learning and performance.

To sum up, this study discussed different components used for personalized learning
models in detail and how personalized learning evolves as technology develops, and we learn

more about human-machine interaction.
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CHAPTER 4
FACTORS CONTRIBUTING TO TEACHER SELF-EFFICACY IN DISTANCE LEARNING”
Abstract
Inefficient teacher training and lack of successful technology integration have been an
issue in public education settings that need researchers’ and policymakers’ attention. Knowing
the factors that help teachers improve their distance teaching practices and build confidence in
distance learning becomes an essential component of efficient teaching. Measuring the impact of
the support teachers receive from their administrators during distance learning is an essential first
step toward enhancing efficient distance learning practices that support teachers and
administrators in increasing teachers’ confidence in distance learning practices. This study
collected information regarding the support teachers received from their administrators during
COVID-19 distance learning using the DLS (Distance Learning Support) (Shemshack & Davis,
2020) instrument. The instrument produced three scales consisting of topics ranging from access
to materials and training directly tied to distance learning and teachers’ confidence during
distance learning. This paper’s findings shed light on the underlining questions, what factors help
increase teachers’ confidence with distance learning, how administrator support can be
improved, and which teacher demographics have the highest confidence regarding online
learning. In attempting to answer these questions, administrators need reliable instruments
assessing the support teachers need for distance teaching to make professional development
decisions using relevant data.

Keywords: distance learning, administrator support, teacher training, COVID-19, online
education, teacher self-efficacy

* This chapter is reproduced from Shemshack, A., Davis, T., Knezek & Kinshuk. Factors Contributing to Teacher
Self Efficacy in Distance Learning. Manuscript submitted for publication.
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Introduction

Administrators need reliable instruments to measure the support teachers need for
distance learning to make data-based professional development decisions to enhance the
educational environment in current and future classrooms. Educators and students in schools
worldwide, including the United States, have faced sweeping, unprecedented shifts in teaching
and learning due to the coronavirus disease 2019 (COVID-19) pandemic, which shuttered school
buildings and forced schools to plan for distance learning (Hamilton & Hunter, 2019). Even
before the pandemic, higher education has been offering distance learning programs to the
individuals who work full time to earn their degrees and advance in their careers through flexible
and convenient online programs; however, K-12 schools are still trying to find the right practices
aligned with younger students’ needs and abilities. Hrastinski (2008) suggested that for distance
learning to be effective and efficient, teachers, organizations, and institutions must have a
comprehensive understanding of the benefits and limitations. Knowing the limitations and
benefits of distance learning can help school districts and administrators to support teachers more
intentionally.

This study aims to compare teachers’ confidence in distance learning verse support they
have received from their administrators, materials provided to them, and the training they
received to measure what helps teachers increase their self-efficacy for distance learning.
Shemshack and Davis (2020) stated that this unprecedented time calls for education
administrators to review their professional development and support practices to meet quality
distance learning’s future demands. Furthermore, this study aims to add value to the existing
literature on distance learning and teacher support systems by providing more specific data on

teachers’ beliefs on the support they have received. Measuring the impact of the support teachers
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receive from their administrators during distance learning is an essential first step toward
enhancing efficient distance learning practices that support teachers and administrators in
increasing self-efficacy in teachers’ distance learning practices.

This paper’s findings shed light on the underlining questions, what factors help improve
teachers’ self-efficacy with distance learning, how administrator support can be improved, and
which teacher demographics have the highest self-efficacy regarding online learning.
Furthermore, the study investigated if the DLS instrument is reliable for identifying factors
contributing to the teacher’s self-efficacy. In attempting to answer these questions,
administrators need reliable instruments assessing the support teachers need for distance teaching
to make professional development decisions using relevant data.

Researchers presented previous work on factors contributing to teacher self-efficacy in
distance learning in the background section according to their alignments with the DLS
instrument’s subscales. The background section is followed by the methods section that provides
detailed information on the study’s structure, instrumentation, and participants. The validation of
the DLS provides information regarding the reliability and validity of the DLS instrument. This
study’s findings are provided under the discussion section, followed by the limitations and future

research section within the conclusion.

Background
Christensen and Knezek (2011) pointed out that teachers’ proficiency in using technology
and teaching with technology usually increases over time. School districts planned for fall
distance learning during the summer of 2019 and trained teachers on distance learning, with the
expectation to increase teachers’ competency and confidence in distance learning. According to

Christensen and Knezek (2017), as the school district focuses on preparing teachers to use
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technology and supporting the teachers with tools and infrastructure, teachers reported increased
self-efficacy. What follows are the themes found in relevant research associated with distance

learning support.

Administrative Support

Principals are decision-makers at the campus level when it comes to budgeting and
instructional purchase decisions. Leithwood and Riehl (2003) claimed that the most effective
principals develop a vision and use this vision to develop a supportive learning community.
Furthermore, according to Machado and Chung (2015), principals who created a school vision
for effective technology integration and provided teachers with on-going supportive professional
development were most effective. While an individual school’s tone is a synthesis of its entire
staff, the overall focus of instruction and lessons comes from the campus principal.
Consequently, the attitudes toward and the practical instruction in classrooms are undoubtedly
affected by the principal’s vision for their school. When it comes to technology usage, research
shows that principals do have a trickledown effect of influence. In a study of 1,000 Taiwanese
elementary school teachers, their principals’ leadership was significantly affected. It found that
“principals’ technological leadership improves teachers’ technological literacy and directly

encourages teachers to integrate technology into their teaching” (Chang, 2012, p. 328).

Teacher Training

Novak (2018) suggested that professional development plans should provide sustained
learning experiences with scaffolding, reflection, and coaching for educators who are new to
distance teaching. Furthermore, Christensen and Alexander (2020) pointed out that a well-
planned teacher professional development on technology tools and online pedagogy is critical for

high-quality online teaching and learning. Teacher preparation is critical, especially the
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pedagogy of teaching online rather than emergency teaching (Hodges et al., 2020). Furthermore,
Christensen and Knezek (2017) suggested that understanding teacher confidence and competence
in distance learning is essential in designing appropriate professional development. Moreover,
Hamilton and Hunter (2019) suggested that school districts might want to emphasize
professional development opportunities for teachers serving student populations who are

particularly disadvantaged during this time and consider serving them better.

Teachers Access to Resources and Materials

According to Hamilton and Hunter’s (2019) study, most respondents indicated that lack
of teachers’ access to the internet and technology was a limiting factor during distance learning
for teachers working in schools in rural areas or towns. Hamilton and Hunter (2019) claimed that
some teachers do not have the internet to support students learning online. Adedoyin and Soykan
(2020) suggested that since online learning in its entirety is dependent on technological devices
and the internet, instructors, and students with lousy internet connections are liable to be denied
access to online learning. The dependency of online learning on technological equipment and the
equipment provision was a significant challenge for institutions, faculty, and learners.
Furthermore, Christensen and Alexander (2020) reported that teacher proficiency increased when
technology tools for instruction were provided to teachers to get prepared to use them. Thus, first
and foremost, school districts need to ensure all teachers have access to internet connection and

resources that need for efficient distance learning.

Teacher Self-Efficacy
Bandura (1982) explained that self-efficacy is concerned with judgments of how well one
can execute courses of action required to deal with prospective situations. Furthermore, Bandura

(1982) suggested that self-efficacy judgments also determine how much effort people will
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expend and how long they will persevere in the face of obstacles or aversive experiences. When
beset with difficulties, people who entertain severe doubts about their capabilities slacken their
efforts or give up altogether. In contrast, those who have a strong sense of efficacy exert
significant effort to master the challenges. High perseverance usually produces high-performance
attainments. Understanding teacher confidence and competence in learning technology is
essential in designing appropriate professional development for teachers (Christensen & Knezek,
2017). According to their individual needs and level, supporting teachers allows confidence to
grow over time and motivates teachers to try more challenging activities during distance learning
(Avci et al., 2020). Moreover, Christensen and Alexander (2020) suggested that teachers who
were already confident with technology only needed additional tools to support their ideas,
reminding us of the importance of teachers’ support to be intentional and need-based instead of a
one-model fits all.

To identify factors that help teachers improve their distance teaching practices and build
self-efficacy, instruments need to measure the impact of support teachers receive from their
administrators during distance learning. The methods section discusses the previous techniques
to gather data to investigate the support teachers receive from their administrators to increase the

self-efficacy in teachers’ distance learning practices.

Methods
The DLS (Shemshack & Davis, 2020) instrument was used to assess teachers’ self-
efficacy and beliefs about administrators’ support during distance learning to collect information
regarding the support teachers received. The instrument items are related to access to materials,
training tied to distance learning, and teachers’ confidence during distance learning. The DLS

instrument’s purpose is to measure the support teachers received during distance learning from
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their administration, assess their access to materials and training, and analyze how these factors

support teachers’ confidence.

The Study

This study’s primary goal was to determine the Distance Learning Support (DLS)
instrument’s reliability and validity to address the current needs and issues associated with
distance learning. Furthermore, this study collected information regarding the support teachers
received from their administrators during COVID-19 distance, to compare teachers’ confidence
in distance learning verse support they have received from their administrators, the training they
received, and materials provided to them to measure what helps teachers increase their self-
efficacy for distance learning. A valid and reliable instrument is critical to collect grounded data
from concluding. The following research questions aim to ensure the instrument is reliable and
valid by asking:

1. To what extent are the DLS items/scales reliable and valid?

To further analyze the reliability of the items listed under the instrument and ensure each
subscale helps us to identify the specific component that contributes to teachers’ confidence.

We also wanted to investigate that even though the DLS instrument is reliable and valid,
is it an instrument that does help us to identify factors that contribute to teachers’ self-efficacy by
asking:

2. Is DLS reliable at identifying factors that contribute to the teacher’s self-efficacy?

Furthermore, finally, we investigated if DLS is an instrument that can be used by school
districts to collect data on how to support and train their teachers for distance learning by asking:

3. Can the DLS help school districts to support and train teachers for distance learning?
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Instrumentation

The survey study was created to collect information regarding the support teachers
received from their administrators, their access to materials and training, and how these factors
support teachers’ self-efficacy. Google Forms was used to create the DLS instrument; it consists
of four demographic items and 18 Likert type items. In the demographics section, data was
collected based on teachers’ age, gender, experience, and grade level they teach. The 18 Likert
type items are rated on a 6-point scale (1 = completely disagree; 2 = very much disagree; 3 =
somewhat disagree; 4 = somewhat agree; 5 = very much agree; 6 = completely agree) to
investigate teacher’s perception of administrator support during distance learning. This paper
analyzes data from the 18 Likert-type items, highlighting the instrument’s reliability, the
constructs measured, and any possible correlation among scales produced to represent the

constructs and targeted background variables.

Participants

This study collected data from 385 teachers in an urban K-12 Texas School district who
taught during the COVID-19 pandemic in the fall of 2020. Teachers had to verify that they
taught online in a K-12 setting and consent to the survey. The demographics of the respondents
were 75.6% females and 23.1% males. Participants also had to identify their teaching experience,
which documented many inexperienced (1-5 years) teachers responding to the survey. 35.3% of
the respondents had 1-5 years of teaching experience, while only 15.6 % had more than 20 years

of teaching experience.

Validation of the Distance Learning Support Scale.
This section describes the Distance Learning Support (DLS) Scale’s reliability and factor

analysis. Further inquiry examines hierarchical cluster analysis, followed by discussions on
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possible correlations among the emerging constructs and background variables (i.e., administrator

support, training support, access to materials, and teacher self-efficacy).

Reliability

The output for Cronbach’s alpha was .938 for the participants (385) that completed the 18
Likert items. According to DeVellis (1991) guidelines listed in Table 4.1 this is excellent. Item
statistics from SPSS indicate that removing only one item, Item 12, would increase Cronbach’s
alpha by .001, concluding that 18 items selected for this study would make a reliable scale.
Table 4.1

DeVellis Reliability Guidelines

Cronbach’s Alpha Output I Rating
Below .60 Unacceptable
Between .60 and .65 Undesirable
Between .65 and .70 Minimally acceptable
Between .70 and .80 Respectable
Between .80 and .90 Very good
Much above .90 Excellent (consider shortening the scale)

Source: DeVellis, 1991, p. 85.

Construct Validity through Factor Analysis
Exploratory factor analysis (principal components, varimax rotation) determined the
number of constructs assessed by the survey instrument. The eigenvalue = 1 cutoff default
resulted in three factors extracted and produced some cross-loading shown in Table 4.2.
Examination of the scree plot indicated that two or three factors were possibly present in
the data, an iterative process of content validity checks conducted concurrently with Cronbach’s
alpha assessments for items extracted for each factor solution resulted in the selection of the

three-factor solution accounting for 77% of the common variance.

83



Table 4.2

Results of Factor Analysis for Survey Items in Factor Loading Order

| 2 | 3
Q9. If my administration does not have an answer to my question related to distance learning, they will find R14
someone who does. ’
Q2. I am able to reach out to my administrators to get help/support whenever I needed it. 813
Q14. I believe my administrators have efficient systems in place to support teachers for distance learning. 157 442
Q15. I feel my social and emotional needs are being considered by my administrators during distance learning. 154 315
Q11. There is an effort by my administrators to improve my distance teaching practice. 751
Q7. I have support from my administration on best practices regarding out of class communication for distance 740 377
learning. ' '
Q4. The number of meetings administrators are asking for during distance learning is reasonable. .637 358
Q5. I'have received adequate training on distance learning management systems (Google Classroom, Canvas, 318
Blackboard, Schoology, etc.). :
Q6. Video I have received adequate training on synchronous video software (Zoom, Google Meet, Microsoft 753
Teams, Etc.). ’
Q3. I feel confident in my ability to teach online using solely distance learning. 708
Q10. The training I have received helped me improve my distance teaching practices. 424 .643
Q18. I have received professional learning opportunities for distance learning that promote students’ academic
. L . o . . i .380 .634 322

learning to providing engaging and motivating distance learning opportunities.
Q8. I have received adequate training in grading procedures for distance learning. 497 .588
Q13. I have received training on distance learning based on issues that emerged during previous semesters

: . . 404 581 302
during distance learning.
QI. I have access to instructional technology devices and materials for me to teach. 761
Q16. I am provided with Internet access and other technology devices needed for online instruction. .705
Q12. I try to improve my skills in distance teaching to prepare myself for distance learning. .563
Q17. I am provided with high-quality materials to support online instruction. .366 465 .546

Extraction method: principal component analysis. Rotation method: Varimax with Kaiser normalization. Rotated component matrix converged in 6 iterations.

84



Each factor produced a “very good” to “excellent” Cronbach’s alpha of .920, .890, and
.879, respectively. There are cross-loading of certain items; this makes it difficult to explain what
construct each item belongs to; for example, Items 10, 8, 13, and 17 displayed cross-loading
even when forced into three factors. Most of the cross-loading is between Factors 1 and 2; this is
most likely explained by the interdependence of Scale 1 (administration support) and Scale 2
(distance learning training and self-efficacy).

The factors representing the constructs assessed by the instrument appear as follows:

e Factor 1 Administrator Support Scale (Items 9, 2, 14, 15, 11, 7, 4; highlighted in gold

on Table 4.2) measures the support teachers received from their administration during
distance learning.

e Factor 2 Training and Confidence Scale (Items 5, 6, 3, 10, 18, 8, 13; highlighted in
green on Table 4.2) measures the distance learning training provided to teachers and
teachers’ confidence in their abilities to teach online.

e Factor 3 Access & Materials Scale (Items 1, 16, 12, 17; highlighted in blue on Table
4.2) including items that investigate teachers’ access to materials and resources to
teach online.

The KMO Measure of Sampling Accuracy yielded a statistic of 0.942; the value is
considered excellent. With a value above .90, this indicates that factor analysis will be useful
when interpreting the data set. This also indicated that a significant proportion of variance among

the survey items is potentially common variance.

Construct Validity through Hierarchical Cluster Analysis

Hierarchical cluster analysis examined the possible constructs measured by three scales.
Figure 4.1 shows that the items’ strong linkages are consistent with the structure derived through
exploratory factor analysis (Table 4.2). When analyzing the dendrogram’s cluster analysis
(between-groups linkage, z-score standardization) for each survey item (see Figure 4.1), similar

groupings to each scale produced through factor analysis can be observed. The three major
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groupings in Figure 4.1 align with the three factors extracted in Table 4.2.
Figure 4.1

Hierarchical Cluster Analysis Dendrogram Showing Strengths of Associations among Survey
Items

Dendrogram using Average Linkage (Between Groups)

Rescaled Distance Cluster Combine

] 5 10 15 20 25
Q5.LMS 5 - - I ; ;
06 Video EJ
Ql0.mprove 10
Q18.Engagement 18
Q13 .Previoussemesters 13
Q17 Materials 17
Q9.Questions 9
Q11.Effort 114 —
Q14 Systems 14
- |
Q15.5EL 15
Q7.0CC 7 —
Q2.Reachout 2
Q4. Meetings 4
Q& .Crading 8
Q3.Confidence 3
Q1 .Access 1
Ql6.Internet 16
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A hierarchical cluster analysis using the three scales identified in lower-order factor
analysis indicated a strong linkage between Factors 1 and 2 (see Figure 4.2). It is important to
note that both the higher-order factor analysis and the cluster analysis indicated that access to
materials was separate from the other two scales (admin support, training, and confidence). It
appears that teachers had a positive perception of the materials, such as internet access and
technology they received but had mixed feelings about administrative support, training, and
confidence. This could potentially explain the strong linkage between administrator support,

training, and confidence.
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Figure 4.2

Hierarchical Cluster Analysis Dendrogram Showing Relative Strengths of Associations among
Scales

Dendrogram using Average Linkage (Between Groups)
Rescaled Distance Cluster Combine
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Multidimensional Scaling

A multidimensional scaling analysis using the SPSS procedure PROXSCAL (Euclidean
distance, z-score standardization) compared the distances and relationships among the three
scales identified through higher-order factor analysis and hierarchical cluster analysis. Figure 4.3
shows that the administrator support scale and training & confidence scale are closely linked
together when forced to one dimension. In contrast, the access to material scale remains the

outlier.

Findings from the Distance Learning Support Scales

A one-way ANOVA was run (using SPSS software) on four varied factors (gender, age,
grade level, and years teaching) [see Tables 4.2, 4.3, and 4.4; also see Appendix 4.3 for
descriptive statistics]. In terms of gender, there were no significant findings based on a p < .05
threshold, which could be due to the low number of male participants (87) in the study compared
to female participants (289). Contrasting scale scores based on the age of teachers produced
significant findings for each scale (Table 4.3): Factor 1 administrator support (p-value .014);
Factor 2 training and confidence (p-value .048); and Factor 3 access to materials (p-value .010).
Since the data was initially gathered based on five separate age groups, the variance and Cohen’s
d effect size were calculated based on re-coded groups; Group 1 teachers were between the ages
of 20-39, and Group 2 teachers were 40+ years old. The effect size ((4.87-4.61)/1.02) for
administrator support was Cohen’s d = .254, which is considered a small effect size, according to
Cohen (1988). The remaining findings also produced small effect sizes of Cohen’s d =.197 for

training & confidence and Cohen’s d = .275 for access to materials.
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Table 4.3

Results of One-way ANOVA based on Teacher’s Age

Sum of Squares df ‘ Mean Square ‘ F ‘ Sig
Between Groups 6.315 1 6.315
Admin_Support Within Groups 393.731 379 1.039 6.078 014
Total 400.045 380
Between Groups 3.258 1 3.258
Training_Conf Within Groups 313.527 379 .827 3.938 048
Total 316.785 380
Between Groups 3.140 1 3.140
Access Within Groups 177.661 379 469 6.698 010
Total 180.801 380
Table 4.4
Results of One-way ANOVA based on Years of Experience
Sum of Squares df ‘ Mean Square ‘ F ‘ Sig
Between Groups 738 1 738
Admin_Support Within Groups 399.307 379 1.054 701 403
Total 400.045 380
Between Groups 1.947 1 1.947
Training_Conf Within Groups 314.837 379 .831 2.344 127
Total 316.785 380

&9

(table continues)




Sum of Squares

Mean Square

Between Groups 3.087 1 3.087
Access Within Groups 177.713 379 469 6.584 011
Total 180.801 380
Table 4.5
Results of One-way ANOVA based on Grade Level
Sum of Squares df ‘ Mean Square ‘ F Sig.
Between Groups 20.399 2 10.199
Admin_Support Within Groups 363.793 374 973 10.485 .000
Total 384.191 376
Between Groups 2.185 2 1.093
Training_Conf Within Groups 313.722 374 .839 1.303 273
Total 315.907 376
Between Groups 1.880 2 940
Access Within Groups 178.144 374 476 1.974 .140
Total 180.024 376

90




Years of teaching experience also produced a significant finding for scale 3 (access to
materials) with a p-value of .011, shown in Table 4.4. Like teachers’ age groups, the years of
experience were re-coded into two groups to calculate an effect size; Group 1 teachers had 1-10
years of experience, and Group 2 teachers had 11+ years of experience. This result also produced
a small effect size of Cohen’s d = .257. Lastly, a one-way ANOV A was run based on grade level
(see Table 4.5) and produced a significant finding for Scale 1 (administrator support) with a p-
value of .000. The effect size between the upper-level teachers (high school and middle school)
and the low-level teachers (elementary school) resulted in a moderate effect size of Cohen’s d =
.544. Based on the ANOVA findings and descriptive statistics, age, years of experience, and
grade level taught all appear to be significant factors in teachers’ perceptions of the level of

support they receive from their administration, training, and access to materials.

Addressing the Research Questions

The findings help address each of the research questions in this paper. First, Question 1;
is the DLS survey reliable and valid to be used? The outcomes suggested that the DLS survey is
reliable based on the high-reliability statistics for each factor and a high Cronbach’s alpha score
of .938 for the survey items. This finding, along with the limited cross-loading in lower-order
factor analysis without forcing factors, demonstrates the instrument’s excellent reliability. It is
significant that high order factor analysis, cluster analysis, and multidimensional scaling each
grouped the administrator support scale and the training and confidence scale and left the access
to materials scale independently. These findings bolster the DLS survey’s validity because it
consistently measures the interrelated nature between administrator support, training, and teacher
confidence.

It is also important to mention that only one item if deleted, would increase the survey’s
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reliability (Item 12), and it would narrowly increase Cronbach’s alpha by .001. Furthermore,
when analyzing the Likert items’ wording after the exploratory factor analysis (Table 4.2) and
cluster analysis (Figure 4.1), it produced compelling observations. Scale 1 (administrator
support) deals with distance learning support directly tied to administrator actions, such as the
number of meetings administrators asked for or if administrators met teachers’ social and
emotional needs, while Scale 2 (training and confidence) primarily focused on training to prepare
teachers for distance learning and the level of confidence they felt in teaching online. For
example, did teachers feel they received adequate online learning and learning management
systems training that increased teachers’ confidence? Using this scale, administrators can
determine which teacher demographics felt the most supported in the shift to online learning.
Lastly, Scale 3 (access to materials) consisted of items related to access to materials, for
example, access to the internet and online materials. The only concern is Item 12, which seems
to be an outlier “I try to improve my skills in distance teaching to prepare myself for distance
learning.” Ideally, with more participants, this item would fall solely into Scale 2 (training &
confidence) related to training and teacher’s confidence to teach online.

Next Question 2, is DLS reliable at identifying factors that contribute to the teacher’s
confidence? The study results revealed that the more training teachers receive, the more
confident they feel teaching online. Exploratory lower-order factor analysis (see Table 4.1)
grouped training and teacher confidence items on Scale 2. One can assume that this is because
the more training teachers receive, the more confident they become teaching online. Hierarchical
cluster analysis (see Figure 4.1) also grouped training and teacher confidence items. For
example, Item 3, “I feel confident in my ability to teaching online using solely distance

learning,” was grouped with Items 5 and 6, which mention training related to learning
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management systems and synchronous video software. Hence, one could argue that additional
training in these areas would increase teacher confidence. Also, Item 10, “The training I have
received helped me improve my distance teaching practices,” was linked to Items 13 and 18, that
feature training to engage students online and address prior issues related to online learning.
Again, these items provide insight into how administrators intentionally plan to increase
teachers’ confidence in distance learning.

Finally, to address Question 3, can the DLS help school districts to support and train
teachers for distance learning? The findings in higher-order factors analysis, cluster analysis, and
multidimensional scaling consistently showed a strong connection between the administrator
support scale and the training and confidence scales. It is possible that teachers perceived the
level of support from their administrators as connected to the training they received. This is
essential data for administrators since they are often the catalysts for training and professional
development decisions. When considering each survey item’s frequencies in Appendix 4.2,
administrators can use each item’s mean and standard deviation to determine teachers’
perceptions of their training to isolate critical areas for growth. For example, the support teachers
received regarding social, emotional learning, and the frequencies of meetings were rated lower
than all other items. In contrast, teachers rated their access to the materials they need to teach
online and their ability to reach out to their administrators as very high. When considering the
practical use of each survey item’s frequencies, administrators can tailor future supports to meet
the needs of their teaching staff.

In terms of criterion-related validity, what can the DLS survey measure? The ANOVA
results produce significant findings that can help administrators determine the best course of

action when developing support systems and training for their teaching staff. Based on this
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research’s findings, it appears that younger teachers (see Table 4.3) did not feel as supported
compared to teachers over 40 years old. Furthermore, younger teachers feel less confident with
their ability to teach online. Based on these findings, it would be interesting to collect a larger
sample size and look specifically at how administrators could better support younger teachers
with less experience, which might help administrators reflect on their support systems for
younger teachers. It is also interesting to note that the findings’ largest effect size is related to
grade level. The ANOVA results (see Table 4.5) and the descriptive statistics (see Appendix 4.3)
suggest that elementary school teachers viewed their administrator support favorably than their
middle school and high school counterparts. Based on the Likert items’ means, elementary
teachers also perceived training and access to materials more favorably, which could explain
some correlations in the three scales identified by exploratory factor analysis. This is significant
because this drastically increased the confidence of elementary school teachers and should bring
about interesting conversations regarding what elementary school administrators are doing

differently from secondary-level administrators to support distance learning instruction.

Conclusions

This study aims to provide a reliable and valid instrument to school administrators to
support their teachers to successfully integrate technology by providing them with need-based
training and support. Having tools and intentional support to help teachers improve their distance
teaching practices and build confidence in distance learning becomes an essential component of
efficient teaching. This study collected information regarding the support teachers received from
their administrators during COVID-19 distance learning and how it impacted teachers’ self-
efficacy regarding distance teaching. This paper’s findings shed light on the underlining

questions, what factors help improve teachers’ confidence with distance learning, how
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administrator support can be improved, and which teacher demographics have the highest
confidence regarding online learning. Also, it is essential to note that elementary teachers
perceived training and access to materials more positively.

In contrast, younger teachers did not feel as supported compared to teachers over 40
years old. This information is valuable for administrators to reflect on their support systems for
new teachers. Furthermore, this study’s limitations and future research are discussed in this

section to guide future studies.

Limitations and Future Research

This study’s limitations include the limited sample size (385 participants), some cross-
loading items, and the small effect size of the significant findings related to the teacher’s age.
Items 10, 8, 13, and 17 all display cross-loading even when forced into three factors. A larger
sample size would be beneficial and potentially produce additional significant findings with a
larger effect size. However, even with a small sample size, the findings suggest that teachers’
perceptions of their support during the shift to full-time distance learning vary based on teachers’
age and years of experience. Recent studies have explored best practices for online learning
preparation, such as Christensen and Alexander’s (2020) study that found teachers preferred
professional development to post and edit various resources into a digital format.

Furthermore, future research should focus on personalizing teacher training and support
according to their needs and goals. For example, our study revealed that the more training
teachers receive, the more confidence in distance learning abilities. Other studies pointed out the
challenge’s teachers faced when communicating with students during distance learning. Clausen

et al. (2020) found in a limited survey that 59% of teachers were unsuccessful in contacting their

students. This is an important avenue for future research because communication between
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teachers, students, and families is vital for positive learning outcomes (Akcaoglu & Lee, 2018).
This paper’s findings shed light on the DLS instrument as a reliable and valid instrument to
identify factors that support teacher confidence with distance learning. This study’s findings aim
to help school districts support and train teachers for distance learning by using the data collected

with the DLS instrument to plan effective and efficient teacher supports in distance learning.
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Appendix 4.1: Distance Learning Support Instrument

Demographic Variables

1. Your age: Category choices (20-29:1, 30-39: 2, 40-49: 3, 50-59: 4, 60+: 5) or two groups
(1: 20-39, 2: 40-60+)

2. Gender: Female, Male, non-binary, or prefer not to say (Female: 1, Male: 2, non-binary:
3, prefer not to say: 4)

3. Years of experience as a teacher: Category choices (1-5 :1,6-10:2,11-15: 3,15-20: 4, 20+:
5) or two groups (1: 1-10, 2: 11-20+)

4. What grade level you teach: Category choices (Pre-K-2: 1,3-5: 2, 6-8:3, 9-12:4)
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Likert Items
(1 = strongly disagree; 2 = disagree; 3 = somewhat disagree; 4 = somewhat agree; 5 = agree; 6 =

strongly agree)

1 I have access to instructional technology devices and materials for me to teach online.

2. I am able to reach out to my administrators to get help/support whenever I needed it.

3. I feel confident in my ability to teaching online using solely distance learning.

4. The number of meetings administrators are asking for during distance learning is
reasonable.

5. I have received adequate training on distance learning management systems (Google
Classroom, Canvas, Blackboard, Schoology, Etc.).

6. I have received adequate training on synchronous video software (Zoom, Google Meet,
Microsoft Teams, Etc.).

7. I have support from my administration on best practices regarding out of class
communication for distance learning.

8. I have received adequate training in grading procedures for distance learning.

9. If my administration does not have an answer to my question related to distance learning
they will find someone who does.

10.  The training I have received helped me improve my distance teaching practices.

11. There is an effort by my administrators to improve my distance teaching practice.

12.  Itry to improve my skills in distance teaching to prepare myself for distance learning.

13. I have received training on distance learning based on issues that emerged during
previous semesters during distance learning.

14. I believe my administrators have efficient systems in place to support teachers for
distance learning.

15. I feel my social and emotional needs are being considered by my administrators during
distance learning.

16. I am provided with Internet access and other technology devices needed for online
instruction.

17. I am provided with high-quality materials to support online instruction.
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18. I have received professional learning opportunities for distance learning that promote
students’ academic learning by providing engaging and motivating distance learning
opportunities.

Appendix 4.2: Item Descriptive Statistics Descriptive Statistics

I N I Mean I Std. Dev I Var
Ql. Access 381 5.32 .822 .676
Q2. Reach out 381 5.25 1.030 1.060
Q3. Confidence 381 4.73 1.103 1.218
Q4. Meetings 381 4.27 1.510 2.281
Q5. LMS 381 4.60 1.205 1.451
Q6. Video 381 4.79 1.130 1.277
Q7. OCC. 381 4.81 1.171 1.371
Q8. Grading 381 4.34 1.358 1.845
Q9. Questions 381 5.05 1.094 1.197
Q10. Improve 381 4.69 1.116 1.246
Ql11. Effort 381 4.94 1.036 1.073
Q12. Improve skills 381 5.54 .613 376
Q13. Previous semesters 381 4.62 1.255 1.574
Q14. Systems 381 4.59 1.282 1.642
Ql15. SEL 381 4.16 1.535 2.358
Q16. Internet 381 5.10 1.046 1.094
Q17. Materials 381 4.62 1.205 1.453
Q18. Engagement 381 4.78 1.055 1.113
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Appendix 4.3: One-Way ANOVA Descriptive Statistics

Combined

95% Confidence Interval
Std. for Mean

Deviation Std. Error

&9 4.71 99511 .10548 4.50 4.9207 1.71 6.00

1
2 129 4.54 1.07496 09464 435 4.7321 1.14 6.00
Admin_ |3 73 4.98 94027 .11005 4.76 5.2037 1.00 6.00
Support | 4 56 4.82 1.04187 13923 4.54 5.1055 1.71 6.00
5 33 4.69 99601 17338 434 5.0501 2.29 6.00
Total 380 4.72 1.02716 05269 4.61 4.8265 1.00 6.00
1 89 4.44 84125 .08917 426 4.6234 1.86 6.00
2 129 4.65 97754 .08607 4.48 4.8248 1.71 6.00
Training | 3 73 4.80 79664 09324 4.61 4.9902 2.86 6.00
Conf 4 56 4.79 92773 12397 4.55 5.0469 2.57 6.00
5 33 4.57 1.00255 17452 421 4.9269 2.71 5.86
Total 380 4.64 91407 04689 4.55 4.7407 1.71 6.00
1 89 5.08 68043 07213 4.94 5.2276 2.50 6.00
2 129 5.05 71736 06316 4.92 5.1792 2.25 6.00
Acoacs 3 73 5.28 61049 07145 5.14 5.4301 3.75 6.00
4 56 5.25 .69085 09232 5.06 5.4350 2.75 6.00
5 33 5.18 73759 12840 4.92 5.4434 3.50 6.00
Total 380 5.14 .69039 03542 5.07 5.2157 2.25 6.00
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Age (2 groups): Code sheet: (1: 20-39/ 2: 40-60+)

95% Confidence Interval

S.t d'. Std. Error for Mean
Deviation

‘ 1 218 4.61 1.04398 07071 4.47 47521 1.14 6.00
Admin_ 5 163 4.87 98515 07716 4.72 5.0253 1.00 6.00

Support
Total 381 4.72 1.02604 05257 4.62 4.8274 1.00 6.00
N 1 218 4.56 192800 06285 4.44 4.693 1.71 6.00
gﬁ?mg— 2 163 4.75 88419 06926 4.61 4.8931 2.57 6.00
Total 381 4.64 91304 04678 4.55 47414 1.71 6.00
1 218 5.06 70109 04748 4.97 5.1601 2.25 6.00
Access 2 163 525 66202 05185 5.14 53524 2.75 6.00
Total 381 5.14 68978 03534 5.07 52145 2.25 6.00

Years Teaching (2 groups): Code sheet: (1: 1-10/ 2: 11+)

95% Confidence Interval

S.t d'. Std. Error for Mean
Deviation
. 1 208 4.68 98145 06500 4.55 4.8160 1.43 6.00
il 153 4.77 1.09017 08814 4.60 4.9519 1.00 6.00
Support
Total 381 4.72 1.02604 05257 4.62 4.8274 1.00 6.00
1 228 4.59 190960 06024 4.47 47096 1.71 6.00
Training
o 2 153 473 91416 07391 4.59 4.8827 2.57 6.00
Total 381 4.64 91304 04678 4.55 47414 1.71 6.00
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Access

95% Confidence Interval

S.t d'. Std. Error for Mean
Deviation
1 228 5.07 70564 .04673 4.97 5.1634 2.25 6.00
2 153 5.25 .65234 .05274 5.15 5.3591 2.75 6.00
Total 381 5.14 .68978 .03534 5.07 5.2145 2.25 6.00

Grade Level (4 groups): Code sheet: (1: Pre-K-2/2: 3-5/ 3: 6-8/ 4: 9-12)

Admin_
Support

95% Confidence Interval

Desit:lit'ion Std. Error for Mean
1 244 4.89 93102 .05960 4.77 5.0144 1.14 6.00
2 65 4.49 99619 12356 4.24 4.7413 1.71 6.00
3 68 4.34 1.15672 .14027 4.06 4.6266 1.71 6.00
Total 377 4.72 1.01083 .05206 4.62 4.8307 1.14 6.00
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CHAPTER 5

DEVELOPING A FRAMEWORK FOR PERSONALIZED ADAPTIVE TEACHER
EDUCATION TO IMPROVE TEACHERS’ SELF-EFFICACY *

Abstract

Technology-supported personalized adaptive learning environments have become a
popular research topic focusing on developing more efficient learning environments. However,
despite the rapid progress of personalized adaptive learning (PAL), very little research has
explicitly looked at personalized adaptive preservice teacher education to provide better support
according to their diverse needs and skills to improve their self-efficacy. We need to focus on
preservice teacher education as growing data has shown that efforts to improve preservice
teacher education can significantly impact student learning. In this regard, this paper analyzed
current literature on PAL, PAL tools and systems, preservice teacher education, and self-
efficacy. Based on the literature, a framework was proposed to personalize and adapt preservice
teacher education to increase their self-efficacy. The proposed framework suggests dynamic data
collection on preservice teachers’ skills, knowledge and affective states, and the ability to adapt
the content, activities, and content delivery to increase preservice teachers’ self-efficacy.

Keywords: Preservice teacher, personalized adaptive learning, teacher education, self-efficacy,
personalized learning

Introduction
Technology-supported personalized adaptive learning (PAL) has been one of the hot
topics in learning research for a long time (Xie et al., 2019) that is believed started with theories

that are inspired by educational theories from the progressive era in the earlier century

* This chapter is reproduced from Shemshack, A & Kinshuk. Developing a framework for PAL Preservice Teacher
Education to Improve Self-efficacy. Manuscript submitted for publication.
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(Shemshack & Spector, 2020). Especially John Dewey’s (1915, 1998) emphasis on experiential,
learner-centered education tailored to each learner’s needs, interests, and abilities and then
followed by constructivism theory that points out the need for personalized adaptive learning
according to skill levels and needs of individuals. Technology-supported learning environments
keep increasing in educational settings, including preservice teacher education institutions.
Technology-supported learning systems provide an opportunity for preservice teachers to
continue learning without time and space limitations. In addition to content knowledge and
pedagogical knowledge, these technology-supported learning environments allow preservice
teachers to practice skills they will need in the classroom, such as practicing classroom
management skills in a simulated classroom environment.

Nevertheless, technology developments make it easier to adapt the learning content and
activities according to individual needs and skills. As a result, learning environments have
changed drastically in the recent decade, primarily due to information and communication
technologies (Dawson et al., 2010; Spector, 2014; Xie et al., 2019). Current technologies allow
the systems to provide services according to user’s search history, preferences that encourage
learning technologies researchers to imitate these systems for learning systems, moreover,
consider learners’ abilities and prior knowledge. Xie et al. (2019) stated that personalized
adaptive learning has become possible by implementing intelligent learning systems, integrating
learners’ preferences, analyzing individual learning data, and many more components studied to
improve the learning experience. Furthermore, Pane et al. (2015) shared their findings that
suggest the effects of personalized learning on learner achievement are promising, which will
increase the interest and demand in personalized adaptive learning systems.

Despite the rapid progress of personalized adaptive learning, very little research has
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explicitly looked at personalized adaptive preservice teacher education to provide teachers with
resources according to their diverse needs and skills to improve their self-efficacy. Teachers’
professional proficiency is composed of cognitive professional knowledge and affective
professional belief components, which are generally assumed to be related and impact
instructional practice (Avalos, 2011; Depaepe & Konig, 2018). To provide meaningful learning
opportunities for students, meaningful learning opportunities need to be also offered for teachers
(Natividad Beltran del Rio, 2021; Nel, 2017; Siko & Hess, 2014; Thoma et al., 2017). However,
studies simultaneously relating cognitive and affective components to instructional practice are
limited (Depaepe & Konig, 2018). Preservice teacher education is a complex process that
requires teachers’ cognitive and emotional involvement. It requires the willingness to examine
where each teacher stands and provide personalized adaptive tools for improvement or change
(Depaepe & Konig, 2018) according to their diverse goals and needs. While many studies
analyzed preservice teacher education and current practices, there is limited research
investigating personalized adaptive preservice teacher education to improve their self-efficacy.
This study aims to address this need by proposing a framework for personalized adaptive
preservice teacher education to improve preservice teachers’ self-efficacy and, as a result,
improve preservice teachers’ learning experience and further improve learning experience for
students.

According to Bandura (1994), providing content according to learners’ skill levels and
knowledge is expected to increase self-efficacy. Thus, the relationship between PAL and self-
efficacy is analyzed to develop a framework that can be used for preservice teacher education to

improve teachers’ self-efficacy.
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The following section presents a comprehensive review of existing work in the literature
on personalized adaptive learning (PAL), PAL tools and systems, preservice teacher education,
and self-efficacy. Each component listed component’s possible contributions to the personalized
adaptive preservice teacher education to improve self-efficacy frameworks’ development are
discussed in each subsection. Based on the literature, a framework is proposed to personalize and
adapt preservice teacher education to increase their self-efficacy in the framework development
section. Each component of the framework is discussed in detail; furthermore, their contributions
to the framework are discussed. This follows a practical, real-life scenario to provide a better
picture of its practical use. This study’s findings are then provided under the discussion section,

followed by the limitations and future research section within the conclusion.

Personalized Adaptive Learning

Personalized adaptive learning (PAL) is one of the main paradigms of the framework
proposed in this study. PAL research literature is analyzed to present its possible impact on
preservice teacher education and how it could be used to improve preservice teachers’ self-
efficacy. PAL does not have a unified definition; however, in this study, our definition is mainly
evolving around Peng et al.’s (2019) definition and enriched with components from a few other
definitions. Peng et al. (2019) defined personalized adaptive learning as “a technology-
empowered effective pedagogy which can adaptively adjust teaching strategies timely based on
real-time monitored (enabled by smart technology) learners’ differences and changes in
individual characteristics, individual performance, and personal development.” Furthermore,
learning objectives, instructional approaches, and instructional content, and its sequencing may
all vary based on learner needs (Chen et al., 2005; Klasnja-Milicevi¢ et al., 2011). Also, learning

activities are meaningful and relevant to learners, driven by their interests, and often self-

106



initiated (US Department of Education, 2017, p. 9). For the purpose of this research, PAL is
defined as a technology-empowered pedagogy that identifies learners’ cognitive and affective
states by considering their current skill level, prior knowledge, interests, and adapts the content
and content delivery accordingly to challenge the learners enough to evoke deep thinking by
providing them with relevant material that will keep them motivated in learning and help them to
become lifelong learners.

Personalized adaptive learning systems require the use of several tools and theories to
build adaptive and meaningful learning systems according to individuals’ needs and skills. Item
response theory (IRT) is one of the main theories that has been used to create personalized
adaptive learning systems (Chen & Chung, 2008; Chen et al., 2005; Pliakos et al., 2019). IRT is
a robust theory in education measurement to select the most appropriate items for learners based
on individual learner ability; also, difficulties of course materials are simultaneously considered
when implementing the proposed dynamic personalization mechanism (Chen et al., 2005;
Pliakos et al., 2019). Chen et al. (2005) and Pliakos et al. (2019) suggested that the systems
based on IRT provide learning paths adapted to various levels of difficulty of course materials
and consider learners’ diverse abilities and skills. Furthermore, Pliakos et al. (2019) suggested
that not only IRT but also machine learning techniques can be valuable for adaptive item
selection. Response predictions for new preservice teachers can be made by addressing the
ability estimation as a regression task based on machine learning. The system can predict the
new learner’s responses by using first a machine learning model to estimate this new learner’s
ability parameter and then use it to predict the responses with IRT. These systems prevent the
learner from becoming lost in the course materials; by providing personalized learning, filtering

out unsuitable course materials to reduce cognitive load, and providing an adequate learning
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diagnosis based on an individual’s user profile to help them to learn effortlessly (Pliakos et al.,
2019).

Moreover, to make predictions about preservice teachers’ cognitive and affective states,
their data need to be collected through ongoing assessments blended into the learning process.
Assessment and data collection will be the main components of the framework for personalized
adaptive preservice teacher education to improve teachers’ self-efficacy. Assessment and data

collection are discussed more in detail in the following section.

Assessment and Data Collection

Dynamic assessment and data collection are the cornerstones of a dynamic, personalized
adaptive learning system (Pardo et al., 2017; Tetzlaff et al., 2020; Troussas et al., 2019).
Adaptive formative assessment is an ongoing dynamic learner monitoring process to provide
ongoing feedback and support to adapt content according to individual needs to improve the
learning experience based on collected data (Tetzlaff et al., 2020). The studies related to self-
efficacy have shown that when individuals are provided feedback and support at the right time
(Tang & McCalla, 2005, as cited in Klasnja-Milicevic et al., 2015), that helps to increase self-
efficacy (Bandura, 1994). This study’s focus is developing a framework for personalized and
adaptive preservice teacher education to increase teachers’ self-efficacy; therefore, we need
systems that will help identify the need for help and support during the preservice teacher
education. Louhab et al. (2018) referred to adaptive formative assessment as a compass to guide
learning and provide instructors with data to guide and support learners, modify instruction, and
suggest a learning path. The goal of adaptive formative assessment is to dynamically diagnose
and support prescription of what content and support to provide to learners according to their

needs and skill levels. Several methods and systems are available to collect data and assess
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learners’ knowledge and skills; however, they are outside of this study’s scope
Figure 5.1

Assessment and Adaptation in Personalized Adaptive Learning (PAL)
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Additionally, it is also essential to point out that Item response theory (IRT) has been
dominant in adaptive formative assessment systems. In many forms, as suggested by Bennett and
Davier (2017), IRT is the most used model in large-scale operational assessment programs.

Furthermore, Bennett and Davier (2017) suggested that perhaps an essential feature leading to
the dominance of IRT in operational programs is the characteristic of estimating individual item
difficulties and test-taker abilities independently on the same scale, which is a feature that is not

possible with classical measurement models. This feature allows for tailoring assessments
through judicious item selection to achieve precise measurement for individual learners or

defining important cut points on an assessment scale, enabling personalized support to all
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learners. Figure 5.1 shows a possible general dynamic cycle of personalized adaptive learning
according to ongoing assessment and data collection for both cognitive and affective states of
preservice teacher education that also can be used in different learning environments with
different learner groups.

This study’s focus on developing a framework for personalized adaptive preservice
teacher education to improve preservice teachers’ self-efficacy brings up the need for
considering emotion and affect in preservice teacher education (Avalos, 2011; Depaepe &
Konig, 2018). Furthermore, Avalos (2011) and Depaepe and Konig (2018) pointed out the
scarcity of studies that have considered cognitive and affective components. Thus, emotion and
affect components of personalized adaptive teacher education are discussed in the following
section to analyze the impact of considering emotion and affect as an extension of the data
collection process in personalized adaptive preservice teacher education to improve teachers’

self-efficacy.

Emotion/Affect

The integration of emotion with learning technologies has been investigated in literature
to determine how a computer can sense human emotions and systems that detect and respond to
users’ emotions to produce more engaging and fulfilling interactions. D’Mello et al. (2010)
pointed out that confusion, frustration, engagement, curiosity, delight, anxiety, and boredom tend
to be the most observed states, resulting in the context of several learning environments and
activities that have been studied. Calvo and D’Mello (2010) stated that systems automatically
identifying and responding to a user’s affective states during interactions with a computer can
enhance the interaction’s quality and learning, thereby making a computer interface more usable,

enjoyable, and effective (Santos et al., 2014). To improve the learning experience, we need to
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consider the affective states of preservice teachers to help them stay engaged in learning
activities; thus, affective states are included in Figure 1 as part of ongoing data collection and
personalized adaptive learning. Assessment and adaptation in the PAL model ensure that data
collection focuses on current skills, knowledge, and affective states of the preservice teachers.
Additionally, Santos (2016) pointed out that current literature reports an interplay
between the cognitive aspects of learning and affect (Santos et al., 2014), which implies the need
to detect and then, through appropriate feedback, affect-related strategies to improve the learning
experience. Figure 5.2 is a model of affect dynamics by D’Mello and Graesser (2012),
representing how each affective state impacts the learning experience. Model of affect dynamics
predicts learners’ affective state and suggests learning environments need to substantially
challenge learners at the right time to evoke critical thought and deep inquiry through collected
data regarding learners’ affective state.
Figure 5.2

Model of Affect Dynamics
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Source: D’Mello and Graesser, 2012.

As presented in Figure 5.2, the model of affect dynamics by D’Mello and Graesser
(2012) predicts that learners in a state of engagement/flow will encounter cognitive imbalance

and confusion when facing contradictions and obstacles to goals and other impasses.
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Furthermore, learners revert into the engaged/flow state if an imbalance is restored through
thought, reflection, and problem-solving. However, failure to restore imbalance and obstacles
that block goals trigger frustration, which, if unresolved, will eventually lead to boredom. Thus,
it is essential to have systems assess the preservice teachers’ state of affect and cognition to adapt
the content accordingly, so learning environments substantially challenge preservice teachers
enough to evoke critical thought and deep inquiry (D’Mello & Graesser, 2012). Furthermore,
Figure 5.3 represents the flow channel by Csikszentmihalyi (1990), representing four
combinations of high/low skills and high/low challenges, representing a state equilibrium that the
model of affect dynamics (D’Mello & Graesser, 2012) supports.

Figure 5.3

Flow Channel
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Source: Csikszentmihalyi, 1990.

As presented in Figures 5.2 and 5.3, assessment and data collection of cognitive and
affective state is essential to adjust instructional content according to preservice teachers’ current

states to ensure they are challenged enough to evoke critical thinking and deep inquiry.
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According to collected data, predicting learners’ current skills, knowledge, and affective state,
the systems and tools are available that can be used to develop personalized adaptive learning
environments that allow more enjoyable and compelling learning experiences (D’Mello &
Graesser, 2012; Santos et al., 2014). Thus, the following subsection focuses on the systems and
tools available to adapt and personalize learning. Furthermore, it provides insight on how these
tools and systems might impact personalized adaptive preservice teacher education and analyzes
the detection of the affective states of preservice teachers and supporting them at the right time

might improve their self-efficacy.

Systems and Tools for Personalized Adaptive Learning
We need tools and systems to provide personalized adaptive education to preservice
teachers to improve their self-efficacy. As technology develops, the tools and systems available
increase; additionally, existing tools and systems evolve as we learn more about machine
learning, Al, human-machine interaction, data collection, and data usage. A few systems and
tools are discussed in the following sections to present how they might contribute to personalized

adaptive preservice teacher education.

Intelligent Tutoring Systems

ITSs is one of the systems that aim to provide direct, dynamic, personalized instruction
and feedback by assessing learners’ knowledge at a granular level to help learners learn new
skills (Weitekamp et al., 2020), usually without a human teacher’s intervention (Niculescu,
2016) through mechanisms such as scaffolded practice problems and correctness feedback, next-
step hints, and adaptive feedback messages (VanLehn, 2006). ITSs can be used in preservice
teacher education to provide education according to teachers’ cognitive and affective state to

improve their self-efficacy (Bandura, 1994).
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Many ITSs in the literature have been developed based on mastery learning theory, which
is the primary learning theory in our current education system. Preservice teachers’ performance
determines what they work on next; based on their skill profiles’ dynamic measurements, and
intelligent tutors can help institutions effectively teach an academically diverse set of preservice
teachers (Bloom, 1968; Kulik et al., 1990; Sales & Pane, 2017). As an essential part of the ITSs,
when learners interact with learning materials, ITSs track their progress and adapt their
interaction, such as correcting learners’ possible misconceptions, providing personalized
feedback, and suggesting learning a unique project that suits learners’ current knowledge (Wu,
2020) which, as suggested by Bandura (1994), is expected to increase self-efficacy of preservice
teachers. The tutor’s ability to diagnose what a learner knows and does not know, and the ability
to select relevant interventions given this diagnosis, are pivotal to good teaching. Another critical
feature is ITSs’ ability to infer, from preservice teachers’ problem-solving actions and answers,
what is likely well understood or mastered, and what is not, from only a few observations, and to
move on in the curriculum at the right pace for that specific preservice teacher to provide support
and intervention according to their unique needs (Desmarais & Baker, 2012).

Learning analytics (LA) is another set of techniques that promotes personalization by
providing insights and understanding of how learners learn and support personalized learning
experiences that meet learners’ goals and needs (Chatti & Muslim, 2019). In the following
section, learning analytics is discussed to explore how LA can personalize and adapt preservice

teacher education to improve their self-efficacy.

Learning Analytics
According to Perez-Berenguer et al. (2020), learning analytics is widely recognized to

improve the learning/teaching processes. LA allows for learner data dashboard customization
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and improves the efficiency of the analysis of learners’ interaction data. One of the techniques of
LA that can be used for preservice teacher education is that events resulting from learners’
interaction are captured and stored in Caliper standard format to be further processed
incrementally to allow data dashboards to be shown without delay to instructors. LA data
dashboard increases access to learner data, which is also more nuanced and fine-grained than
ever before, allowing institutions to respond with personalized feedback and support for
preservice teachers according to their diverse needs.

Moreover, Chatti and Muslim (2019) pointed out that LA opens new opportunities for
advancing personalization by providing insights and perception into how learners learn and
support customized learning experiences that meet their goals and needs. LA can play an
essential role by analyzing data collected from multiple learning environments for preservice
teacher education by supporting customized activities that meet the diverse teachers’ needs and
goals. Furthermore, LA can provide insights into understanding how preservice teachers perform
in PAL environments to best support them according to their diverse needs and skills.

LA systems can analyze and measure learners’ data to infer competence, meta-
competence, and confidence measures. These measures enable the learning analytics systems to
auto-configure and auto-customize to personalized instruction and optimal learning pathways for
preservice teachers (Govindarajan et al., 2017). Systems developed based on the LA techniques
can auto-configure and auto-customize to offering personalized and adaptive education and
calculating an optimal learning pathway for preservice teachers. Furthermore, LA systems
provide on-demand and adaptive support for learners based on their needs (Ifenthaler & Yau,
2020; Perez-Berenguer et al., 2020).

Also, adaptive and intelligent web-based educational systems have been a solution to
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personalized adaptive learning environments through smart learning environments (Peng et al.,
2019). The vast amount of data produced by educational technologies can be used to understand
preservice teacher education better and, as a result, provide more intelligent, interactive,
engaging, and efficient learning to preservice teachers (Koedinger et al., 2013). Various data
mining approaches can be used to provide personalized adaptive preservice teacher education to

increase their self-efficacy, as explored in the next section.

Data Mining for Personalized Adaptive Learning

Data mining (DM) techniques can identify valuable information that can help preservice
teacher education instructors establish a pedagogical basis for designing or modifying an
environment or teaching approach. The application of data mining in educational systems is an
iterative cycle of hypothesis formation, testing, and refinement (Romero & Ventura, 2007) to get
the most out of the data collected.

Pefia-Ayala (2014) pointed out that data mining pursues to find out data patterns,
organize information of hidden relationships, structure association rules, and estimate unknown
items’ values to classify objects, compose clusters of homogenous objects, and unveil many
kinds of findings that are not quickly produced by a traditional computer-based information
system. Using data mining technology, valuable and regular information can be extracted from
massive data collected from preservice teachers to recommend learning activities according to
their cognitive and affective state. Thereby, DM outcomes represent valuable support for
decision-making for efficient learning activities for preservice teachers to increase their self-
efficacy. Moreover, as one of the most critical technologies in personalized service, collaborative
filtering recommendation is another successful technology currently applied to recommend

products (Wang & Fu, 2020) based on information of interest to a specific user by using the user
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group preference with the shared experience. Moreover, users’ preference information in the
group is recorded to help other users filter information (Shu et al., 2018).

Also, recommender systems (RSs) are another system used to provide personalized
support in learning. The following section analyzes RSs to discuss their possible uses for

personalized adaptive preservice teacher education to increase teachers’ self-efficacy.

Recommender Systems

Recommendations from RSs require a decision-making process such as deciding on
learning objects that are most appropriate according to learners’ characteristics. Since novice
learners do not have enough knowledge to decide or evaluate objects of interest, RSs can be very
beneficial (Klasnja-Mili¢evi¢ et al., 2015). RSs can suggest learning content according to
preservice teachers learning characteristics to personalize their learning material to increase their
self-efficacy. According to Wang and Fu (2020), personalized services learn users’ interests and
behaviors by collecting and analyzing user information, mine the hidden interests and behavior
rules of user groups, formulate corresponding information filtering strategies, and provide
personalized active recommendation services that can improve learning experience.

RSs can collect information according to various preservice teachers’ attributes, such as
their knowledge level, cultural level, personal learning interest, and learning needs. RSs can
recommend learning resources to preservice teachers to provide personalized suggestions and
support according to their various attributes, combined with their current knowledge and ability.
Furthermore, since RSs stimulate learners’ enthusiasm for learning to learn independently and
efficiently to achieve the best learning effect (Shu et al., 2018), increasing their self-efficacy
(Bandura, 1994), their use with preservice teachers can be very helpful.

Tang and McCalla (2005, as cited in Klasnja-Milicevic et al., 2015) suggested that
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ideally, RSs should assist learners in discovering relevant learning actions that match their
profile, at the right time, in the proper context, and in the right way. RSs should keep the
preservice teachers motivated and enable them to complete their learning activities effectively
and efficiently (Bandura, 1994).

From the discussion till now, it is clear that several systems and techniques are available
in the literature to provide adaptive and personalized support to the preservice teachers to
increase their self-efficacy. However, Kumar et al. (2015) noted that no matter how data is
processed, the point is that learners and instructors should control the choice of analyses and
corresponding methods and use it to improve learning environments’ adaptivity according to
individuals’ unique needs.

With the overview of various systems and techniques becoming available to provide
personalized and adaptive support in education, this research aims to develop a framework for
personalized adaptive preservice teacher education to improve self-efficacy. The following
section looks at preservice teacher education and self-efficacy in detail. Furthermore, the impact
of increased self-efficacy on teaching is explored to build a base for a proposed framework for

personalized adaptive preservice teacher education to increase self-efficacy.

Preservice Teacher Education and Improving Preservice Teachers’ Self-Efficacy
Current studies have repeatedly pointed out that teachers are the main determinants of
instructional practice and student learning outcomes (Colson et al., 2018; Darling-Hammond,
2000; Depaepe & Konig, 2018; Jenset et al., 2018; Schleicher, 2016). Therefore, teachers need to
be adequately prepared by providing them with personalized adaptive preservice teacher
education to improve their self-efficacy regarding their teaching skills.

Teachers shape their teaching practices by filtering interpretations, framing situations or
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problems, and guiding actions (Fives & Gill, 2015; Heinonen et al., 2019; Kagan, 1992; Pajares,
1992; Tondeur et al., 2017). Considering Bandura’s (1994) suggestion, self-efficacy determines
how people feel, think, motivate themselves, and perform. Thus, it is paramount that preservice
teachers have a strong sense of self-efficacy to help them maintain their interest in teaching and
use those skills to help all students they teach (Gedzune, 2015, as cited in Colson et al., 2018).
Teaching is a stressful and high workload profession that will benefit from having good stress
management skills. Bandura (1997) pointed out that preservice teachers who have repeated
feelings of success more successfully manage teaching stress. Preservice teachers need to feel
connected and have a sense of self-efficacy for the responsibilities they face when teaching (Ryel
et al., 2001, as cited in Colson et al., 2018).

Bandura (1982, 1994) described self-efficacy as people’s beliefs about their capabilities
to produce designated performance levels that regulate events that influence their lives.
Moreover, a strong sense of efficacy enhances human accomplishment and personal well-being.
Also, self-efficacy perceptions affect the reception of change, the presence of knowledge, and the
acquisition of skills. A higher self-efficacy level will produce more significant effort toward
developing new skills (Bandura, 1994; Ertmer et al., 2012; Howard et al., 2015; Ottenbreit-
Leftwich et al., 2018; Shen et al., 2013). Correspondingly, self-efficacy dictates what activities
individuals choose to pursue and the level of effort they will put forth (Bandura, 1977, 1982).
Thus, self-efficacy has been a critical component in motivation and learning theories in varied
contexts (Artino, 2012; Bandura, 1997). Bandura (1977) claimed that one’s efforts’ cumulative
effects alter one’s performance. The number of tasks completed by one reflects the degree of
perseverance.

Moreover, Hall and Trespalacios (2019) and Henson (2001) pointed out that the concept
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that self-efficacy impacts behavior and attitude for change is transferrable among all disciplines,
including preservice teacher education. One makes decisions often based on their perceived
capabilities or self-efficacy (Bandura, 2012). Regarding teachers, self-efficacy is the strongest
predictor of experimentation and implementation of new interventions and approaches in the
classroom (Hall & Trespalacios, 2019; Henson, 2001). Additionally, teachers’ self-efficacy is
linked to more significant learning outcomes for learners (Ertmer, 2005; Vieluf et al., 2013).

Self-efficacy is a critical personal resource in personal development and change
(Bandura, 1997). Furthermore, Bandura (2006) suggested that learners with high perceived
efficacy are the ones who make the best use of information available to them. Moreover,
Christensen and Knezek (2017) suggested that understanding teacher confidence and competence
in learning is essential in designing appropriate professional development. Preservice teacher
education institutions should consider and explicitly address preservice teachers’ self-efficacy to
provide more engaging and practical education. Self-efficacy is a critically crucial theoretical
contribution to the study of academic achievement, motivation, and learning (Bandura, 1977).
Furthermore, to be successful at a task, having the requisite knowledge and skills to perform a
job is not enough; teachers must also believe they can perform the required behavior(s) under
typical and, significantly, under challenging circumstances (Bandura, 1994).

Given that self-efficacy influences one’s life paths, teachers with a higher level of
perceived self-efficacy more seriously consider the comprehensive range of career development
opportunities (Gao et al., 2010; Ottenbreit-Leftwich et al., 2018). Further, they prepare
themselves better educationally for the occupational choices, and the greater is their success
(Bandura, 1994). Moreover, Bandura (1994) suggested that creating a strong sense of efficacy is

the most effective way of mastery experiences, which will allow preservice teachers to stay up to
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date with developments in technology and teaching strategies. Successes build a robust self-
efficacy in one’s effectiveness; failures undermine it, mostly if failures occur before a sense of
efficacy is firmly established. This aligns well with (Zone of personal development) ZPD theory
by Vygotsky (1978) and the flow theory by Csikszentmihalyi (1990) to ensure the educational
tasks are challenging enough to keep preservice teachers motivated and not too challenging to
cause them to give up.

Studies in the literature have shown that learners with high self-efficacy choose to engage
in tasks that promote their knowledge, skills, and abilities, exercise effort in the face of
difficulty, and persist longer at challenging tasks (Artino, 2012; Bandura, 1994; Schunk, 1991;
Schunk et al., 2008). Teachers need both ‘the skill and the will” to function within different
domains and under various circumstances. Also, Pajares (1996) pointed out that one cannot
accomplish tasks beyond their capabilities by believing that one can. As such, beliefs become the
internal rules individuals follow as they determine the effort, persistence, and perseverance
required to achieve optimally.

Furthermore, preservice teachers who receive education according to their needs and
skills are expected to develop self-efficacy (Bandura, 1994). Challenging enough activities
enable keep preservice teachers motivated; however, these activities should not be too hard to
cause self-doubts or too easy to cause boredom (Csikszentmihalyi, 1990). According to Bandura
(1994), people avoid activities and situations they believe exceed their coping capabilities;
however, they readily undertake challenging activities and situations they judge themselves
capable of handling. Any factor influencing choice behavior can immensely affect personal
development or career development due to the social influences operating in selected

environments promote specific competencies (Bandura, 1994). Thus, we need tools that aim to
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increase teachers’ self-efficacy to help them become lifelong learners.

Furthermore, as one of the main focuses of this study’s proposed framework, self-
efficacy has been studied widely in preservice teacher education for a long time. Based on all
this literature, a framework is proposed to include all these components to support preservice
teachers learning by providing them personalized adaptive learning to increase their self-
efficacy. The following section focuses on developing the framework for personalized adaptive
preservice teacher education to improve self-efficacy and analyzes each component of the

framework in detail to analyze each component’s contribution to the framework’s development.

Developing Framework for Personalized Adaptive Preservice Teacher Education to Improve
Self-Efficacy

In order for personalized adaptive preservice teacher education to be effective, relevant
cognitive and affective states should be assessed to inform the instructional decision-making in
personalized adaptive learning systems. Data from the initial assessment can be supplemented
and adjusted by repeated measurements and data collection throughout the learning process
(Tetzlaff et al., 2020). The framework proposed in Figure 5.4 presents that personalized adaptive
preservice teacher education starts with assessing preservice teachers’ current knowledge, skills,
and affective states to adapt the learning activities, content, and content delivery accordingly.
Ongoing assessment and data collection are needed to make decisions according to preservice
teachers’ cognitive and affective states to adapt the content, content delivery methods.
Furthermore, the framework suggests supporting preservice teachers with personalized adaptive
support, ongoing intervention, and correctness feedback. Bandura (1994) and Artino (2012)
stated that developing self-efficacy helps one set clear and specific goals, assess their skills and

knowledge, and adapt it to keep it challenging enough. Preservice teachers do not always have
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the freedom to choose their own goals; however, they can be supported and guided to construct
clear and specific goals aligned with expected attainments, particular skills, and knowledge.
Moreover, goals should be challenging enough, not too demanding, to be out of the range
of teachers’ capabilities (Bandura, 1977; Csikszentmihalyi, 1990). Challenging but achievable
goals allow one to put forth an effort and obtain feedback as preservice teachers proceed toward
goal completion. Goals beyond teachers’ knowledge or skill levels will likely lead to frustration
and degrade self-efficacy (Bandura, 1977; Schunk et al., 2008).
Figure 5.4

Framework for Personalized Adaptive Preservice Teacher Education to Improve Self-Efficacy

Once the initial data is collected, as proposed in Figure 5.4, learning activities are then

adapted according to preservice teachers’ knowledge, skills, interests, and emotional state.
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However, data collection is not a procedure that happens once a while; it is a dynamic process
that is built-in in the learning process. Progress towards mastery of learning activities can be
continuously measured, and in case of stagnation, content and content delivery adaptation can be
implemented. This cycle of assessing the preservice teachers’ current cognitive and affective
states, setting learning activities and content delivery accordingly, employing assessment and
data collection to check whether mastery was achieved (which influences the learning activities
for the next cycle) is the backbone of personalized adaptive instruction (Tetzlaff et al., 2020).

According to preservice teachers’ cognitive and affective states, adapting content within
the proximal development zone (ZPD) of the preservice teachers is the main instructional
adaptation of this framework. As suggested in Bloom’s mastery learning approach (Bloom,
1968), the PAL system needs to assess previous content/skill mastery before proceeding with the
next one. Upon completion of the unit, there needs to be some assessment of the learning gains
and subsequent selection/design of the next unit (located in the zone of proximal development
and presenting a logical next step on the way to the high-level learning goal). An integral part of
designing personalized adaptive preservice teacher education is personalized adaptive content
selection based on ongoing collected data on preservice teachers’ current cognitive and affective
states. Personalizing task selection based on predicted efficiency and learner preference has been
shown to increase training and transfer performance (Salden et al., 2006; Tetzlaff et al., 2020)
which is expected to increase preservice ‘teachers’ performance and, as a result, their self-
efficacy.

Moreover, data collection allows the system to adapt learning content according to
preservice teachers’ progress in learning. Simultaneously, data is being collected from teachers’

emotional states to ensure they are provided with content delivery methods that align with their
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interest and their current emotional state. Furthermore, according to Bosch et al. (2016), affect
detection is a crucial component for affect-sensitive user interfaces, which aspire to improve
learners’ engagement and learn by dynamically responding to sensed affect. Figure 2 (D’Mello
& Graesser, 2012) represents a model that predicts that learners in a state of engagement/flow
will encounter cognitive disequilibrium and confusion when facing contradictions, incongruities,
anomalies, obstacles to goals, and other impasses. The flow channel from Csikszentmihalyi
(1990) in Figure 5.3 presents that learning environments need to substantially challenge learners
enough to evoke critical thought and deep inquiry. It is essential to have systems assess
preservice teachers’ state of emotion and learning and adapt the content accordingly
(Csikszentmihalyi, 1990; D’Mello & Graesser, 2012).

In addition to providing content that is challenging enough to provoke critical thinking,
social persuasion through feedback was considered for this framework. Bandura (1977) pointed
out that social persuasion promotes strengthening people’s beliefs that they have what it takes to
succeed, in other words, increasing a sense of self-efficacy. Preservice teachers who are
prompted verbally to master given activities are likely to show more significant effort than
people who have self-doubts on personal deficiencies when problems arise; as a result,
correctness feedback is embedded into this framework right before increased self-efficacy.

According to Bandura (1977), a high sense of perceived self-efficacy leads people to try
hard to succeed and develop skills. Moreover, the more robust sense of perceived self-efficacy,
the higher the challenges people set for themselves, and the stronger is their commitment to
them. Thus, increased self-efficacy leads to the increased effort toward developing new skills,
leading to increased perseverance as proposed in the framework in Figure 5.4 for improving

preservice teachers’ self-efficacy.
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Furthermore, self-efficacy increases motivation in several ways, such as determining the
goals people set for themselves, how much effort they spend, how long they persist in the face of
difficulties, and their resilience to failures. When faced with hindrances and failures, people who
withhold self-doubts about their capabilities loosen their efforts or give up quickly (Bandura,
1977). Those who believe in their abilities exert more significant effort when they fail to master
the challenge, leading to a strong sense of perseverance. Moreover, strong perseverance
contributes to performance accomplishments (Bandura, 1977; Pajares, 1996). Additionally,
Pajares (1996) pointed out that self-efficacy is an essential determinant of how well knowledge
and skill are acquired in the first place. Self-efficacy influences one’s motivation and self-
regulation in several ways, such as the choices people make and the actions they take (Bandura,
1977, Pajares, 1996). Pajares (1996) discussed self-efficacy also determines the effort one will
expend on an activity, how long one will persevere when confronting obstacles, and how
resilient one will prove in the face of adverse situations.

According to Artino (2012), those with higher self-efficacy also tend to be more
committed to assigned goals, find, and use better task strategies to attain the plans, and respond
more positively to negative feedback than people with low self-efficacy. Artino (2012) pointed
out honest and precise feedback contingent upon performance. It provides efficacy information
to preservice teachers to calibrate their self-efficacy and encourage them to continue toward goal
attainment, proposed in Figure 5.4, after the intervention and adaptation of learning activities.
Furthermore, immediate feedback that encourages teachers to shift their focus from actual
performance to performance monitoring and evaluation is instrumental in improving self-
efficacy calibration (Artino, 2012).

This ongoing support and adaptation is expected to help learners to increase the sense of
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self-efficacy; as suggested by Bandura (1994), people with high confidence in their capacities
approach challenging tasks as challenges to be mastered instead of as threats to be avoided. Such
an efficient outlook fosters intrinsic interest and deep focus in activities. People with high
confidence set themselves challenging goals and maintain a strong commitment to them, and
they show high perseverance. Bandura (1997) and Pajares (1996) have suggested implementing
instructional practices that foster knowledge and skill attainment promote the necessary
accompanying confidence.

Moreover, Artino (2012) suggested that Bandura (1997) made an argument by stating
that formal education’s primary goal should be to provide one with the intellectual tools, self-
efficacy, and intrinsic interests needed to educate themselves in various pursuits throughout their
lifetime. It is also important to note that this framework is not a start to end process; it is an
iterative process. The goal of this framework is to support preservice teachers’ education by
providing them with personalized adaptive education to increase their self-efficacy and, as a
result, help them to become lifelong learners to be able to improve the learning experience for
themselves and ultimately for students. Moreover, this framework is based on previous studies
and has many possible practical uses in educational settings. Primarily it can be used for
preservice teacher education, formal teacher education, and many more educational settings.
Furthermore, this framework can be used for any educational activities that allow instructors to
empower learners to be life-long learners. The following section provides a practical scenario to

elaborate the practical use of the framework in preservice education.

An Example of Framework Being Used in Preservice Teacher Education
Suppose a preservice teacher instructor for instructional technology tools course is

getting ready to introduce Nearpod and similar interactive tools to preservice teachers. The
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instructor has read Nearpod usage research to increase student engagement in online
environments and wants preservice teachers to feel comfortable using Nearpod or similar tools
when they are in the classroom. This instructor could use this framework and follow suggested
steps based on this framework as follows.

1. The instructor lists pre-requisite skills and knowledge to efficiently use Nearpod, such
as using google slides, embedding videos into google slides, etc.

2. The instructor assesses preservice teachers’ skills, knowledge, and affective states
before planning the lesson to see if any of them need to learn pre-requisite skills before starting
to help them with using Nearpod. Also, some preservice teachers might already know how to use
Nearpod; if the instructor has this information, they can develop challenging enough activities
for everyone instead of assuming everyone has the same knowledge and skills for this lesson.
[Assess current skills, knowledge & affect]

3. According to collected data from the assessment, the instructor adapts learning
activities, adapts the learning content, and groups preservice teachers according to their needs.
According to the needs of each group, lessons’ structure and content differ. Some lessons start
with teaching google slides and embedding links for videos. Some lessons directly start with
teaching Nearpod since a group of preservice teachers is ready to learn Nearpod. Also, to address
the needs of preservice teachers who already know how to use Nearpod, there are activities
planned to help them develop activities to explore different usages of Nearpod and how to use it
to differentiate the content for students. [Adapt learning activities & content]

4. According to collected data, the instructor provides personalized adaptive support to
help the first group of students feel comfortable using google slides before starting using

Nearpod. Suppose they had negative beliefs about their instructional technology skills. In that
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case, the instructors support them by helping them see if they follow specific steps, get help and
support, be more courageous with trying something new, and they eventually will develop these
skills. [Personalized adaptive support]

5. The instructor collects data by either walking around the classroom, listen to
conversations, or checking preservice teachers’ progress on the online platform and intervene as
needed. Suppose a preservice teacher is stuck at the stage of embedding a video to google slide
and has not figured it out last 5 minutes. The instructor can approach this learner and ask whether
they know how to embed a link to any document. If the response is no, the instructor models how
they embed a link to a document and asks the preservice teacher how they would try to
implement it to google slide. [Dynamic intervention]|

6. The instructor would watch preservice teachers’ efforts to embed the link and
provide correctness feedback as they struggle to embed the link. According to collected data, the
instructor will provide correctness feedback to preservice teachers to calibrate their self-efficacy
and address any misconceptions. [Correctness feedback]

7. Preservice teachers would feel more empowered by the instructor’s support at the
right time instead of losing more time on figuring out how to embed a link. Getting help and
support simultaneously, receiving challenging enough content is expected to increase preservice
teachers’ self-efficacy. [Increased self-efficacy]

8. Increased self-efficacy is expected to increase preservice teachers’ efforts toward
developing new skills and perseverance. Now preservice teachers experienced that after getting
help, they were able to embed a link. This experience will allow preservice teachers to learn if
they try hard enough to learn new skills and learn anything. This experience is expected to

increase preservice teachers’ efforts toward learning a new skill and increase perseverance.
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[Increased effort toward developing new skills] [Increased perseverance]

9. As aresult, preservice teachers develop perseverance and increased effort toward
learning new skills. They are expected to be lifelong learners, which is a quality needed for all
teachers to keep up with teaching challenges. [Life-long learners]

10. Preservice teachers with increased self-efficacy and have a more positive attitude to
learn new skills will always look for opportunities to learn more and improve their students’
learning experience. [Improved learning experience for all]

In this scenario, the instructor started planning the learning activity to assess learners’
current skills, knowledge, and affective states. Moreover, they planned the learning activities and
supported learners according to collected data. It should be noted that this is not a start-to-end
process; it is a cyclical process. Before moving to the next learning activity, the instructor would
assess preservice teachers’ knowledge, skills, and affect to plan learning activities accordingly to
support preservice teachers at the right time to improve their self-efficacy, which is ultimately
expected to increase their efforts toward learning new skills, increase perseverance. As a result,
preservice teachers are becoming life-long learners who will improve the learning experience for

both their students and themselves.

Discussion and Conclusion
This study provides an overview of current personalized adaptive learning practices and
systems used to personalize and adapt learning and analyses current literature on self-efficacy.
Furthermore, it analyzed what factors help increase preservice teachers’ self-efficacy. Based on
the findings, a conceptual framework for personalized adaptive preservice teacher education is
proposed that is expected to guide personalized adaptive preservice teacher education to increase

teachers’ self-efficacy. The framework is an attempt to address the lack of personalized adaptive
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preservice teacher education to improve self-efficacy. The proposed framework is expected to be
used as a tool to improve teachers’ self-efficacy and ultimately improve the learning experience
for all.

The proposed framework can be used in different settings with different scenarios. The
step-by-step example for preservice teacher education, described in the previous section, reflects
its usage in learning environments. In this study, the proposed framework is focused on
increasing preservice teachers’ self-efficacy by providing personalized adaptive learning support,
which is expected to improve self-efficacy and increase perseverance and efforts to learn new
skills and acquire new knowledge.

The findings of this study suggest that dynamic data collection requires dynamic
adaptation, intervention, and intervention to close any learning gaps or avoid losing interest in
learning progress. There is growing data to show that efforts to improve preservice teacher
education can significantly impact student learning (Colson et al., 2018; Depaepe & Konig,
2018; Jenset et al., 2018; Schleicher, 2016). The proposed framework suggests dynamic data
collection on preservice teachers’ skills, knowledge and affective states, and the ability to adapt
the content, activities, and content delivery. This dynamic process is expected to increase
preservice teachers’ self-efficacy by providing challenging enough content and adapting the
resources dynamically according to their needs.

Since this study was built around the current literature of personalized learning tools and
components and solely focused on preservice teacher education and how teachers’ self-efficacy
can be increased by providing personalized adaptive learning, the framework should be useful

for preservice teacher education institutions. In addition, it can also be a useful resource K-12
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school districts and regional educational centers to provide personalized adaptive teacher
education to increase teachers’ self-efficacy.

This study has several limitations that are inevitable. The enormous number of published
papers might lead to missing relevant papers as many literature review studies face this problem.
Furthermore, the framework is based on the synthesis of the studies from the literature and its
efficacy has not been measured with any empirical studies. Empirical studies are needed to
measure its effectiveness and applicability. Future research can focus on how artificial
intelligence (Al) techniques can be used to provide personalized teacher education with less
effort and complexity to increase teachers’ self-efficacy. Also, such adaptive and personalized
systems need to be evaluated to measure their effectiveness and applicability. Teachers face
ongoing changes in education that they are expected to keep up with; thus, we need teachers who
are willing to learn more and adapt their instructional practices according to changes in schools
and society, especially with technology. This proposed conceptual framework for personalized
adaptive preservice teacher education to improve self-efficacy can guide future studies to address

this need and demand.
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CHAPTER 6

EMPIRICAL STUDY TO VALIDATE THE PERSONALIZED ADAPTIVE TEACHER
EDUCATION TO INCREASE SELF EFFICACY FRAMEWORK

Abstract

The profession of teaching is filled with various challenges, and teachers have faced these
challenges for centuries. These challenges in education have caused teachers to leave the
profession, especially the first three years of their teaching career. It is observed that teachers
have higher self-efficacy, deal with teaching stress better, and stay in the profession. Thus, we
created a framework that guides teacher education to be personalized and adapted according to
teachers’ needs and skills to increase their self-efficacy and as result, to keep them in the
teaching profession. The purpose of this study is to validate the Personalized Adaptive Learning
(PAL) framework’s impact on improving teachers’ self-efficacy to have teachers stay in the
teaching profession. However, COVID-19 impacted our education system magnificently, and we
were not able to measure truly to see if training were delivered by using framework were
effective. Teachers’ self-efficacy from pre-service training to two weeks after school started
decreased significantly and teachers stated the workload and students significant learning loss
due to COVID-19 caused many teachers lose their self-efficacy. We held interviews to discuss
findings of the study and many teachers stated due to COVID-19, they do not feel competent
anymore due to changes COVID-19 bring in education system, and that uncertainty is causing
self-doubt. A future study can assess the long-term impact of personalized adaptive pre-service
teacher education and compare these teachers’ resiliency and turnover rate with teachers who did
have an opportunity for personalized adaptive pre-service education to validate the framework or
develop it further.

Keywords: Personalized learning, adaptive learning, pre-service, teacher, self-efficacy
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Introduction

The profession of teaching is filled with various challenges, and teachers have faced these
challenges for centuries. These challenges in teaching have caused teacher turnover (Ingersoll R.
M., 2001). Therefore, it is essential to discover the constructs that influence the resolution to the
problem known as teacher retention in recognizing this issue. Teaching is a stressful and high
workload profession (Jomuad et al., 2021) that will benefit from having good stress management
skills and perseverance. Bandura (1997) pointed out that teachers who have repeated feelings of
achievement more successfully manage stress, and stay in the teaching profession (Herman et al.,
2018). Teachers need to feel connected and have a sense of self-efficacy for their responsibilities
when teaching (Ryel et al., 2001, as cited in Colson et al., 2018) to stay motivated in learning
new skills to meet the needs of all students. As a result, this study focuses on validating the PAL
framework’s impact on improving teacher self-efficacy to promote perseverance and keep
teachers in the profession.

Furthermore, self-efficacy determines how people feel, think, motivate themselves, and
perform. Bandura (1982, 1994) outlined self-efficacy as people’s beliefs about their capabilities
to perform designated performance levels that regulate events that influence their lives (Panadero
et al., 2017). Moreover, a strong sense of efficacy enhances personal accomplishment and
personal well-being. Also, self-efficacy perceptions affect the reception of change, the presence
of knowledge, and the acquisition of skills. A higher self-efficacy level will produce more
significant effort toward developing new skills (Bandura, 1994; Ertmer et al., 2012; Howard et
al., 2015; Ottenbreit-Leftwich et al., 2018; Shen et al., 2013). Correspondingly, self-efficacy
dictates what activities individuals choose to pursue and the level of effort they will put forth

(Bandura, 1977, 1982; Ottenbreit-Leftwich et al., 2018). Thus, self-efficacy has been a critical
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component in motivation and learning theories in varied contexts (Artino, 2012; Bandura, 1997).
Bandura (1977) claimed that one’s efforts’ cumulative effects alter one’s performance. The
number of tasks completed by one reflects the degree of perseverance (Ottenbreit-Leftwich et al.,
2018).

Thus, we need to focus on teachers’ self-efficacy as growing data has shown that
improving pre-service teacher education can significantly impact learning (Colson et al., 2018;
Depaepe & Konig, 2018; Jenset et al., 2018; Schleicher, 2016). Therefore, it is predominant that
teachers have a strong sense of self-efficacy to help them maintain their interest in teaching and
use those skills to help all students (Gedzune, 2015, as cited in Colson et al., 2018).

Moreover, although teacher education and self-efficacy have been studied for years,
insufficient attention has been paid to personalized adaptive teacher education to increase self-
efficacy (Hall & Trespalacios, 2019). The main focus is primarily to provide meaningful learning
opportunities for students; however, it is essential to remember that to provide meaningful
learning opportunities for students, meaningful learning opportunities need to be also offered for
teachers (Natividad Beltran del Rio, 2021; Siko & Hess, 2014). As a result, this study
emphasizes the importance of personalized adaptive teacher education to ensure that teachers’
education reflects their needs and skill sets to increase their self-efficacy. Teachers’ professional
proficiency comprises cognitive professional knowledge and affective professional belief
components, which are generally assumed to be related and impact instructional practice
(Depaepe & Konig, 2018). However, studies simultaneously relating cognitive and affective
components to instructional practice are limited (Depaepe & Konig, 2018). Teacher education is
a complex process that requires teachers’ cognitive and emotional involvement. It requires the

willingness to examine where each teacher stands and provide personalized adaptive tools for
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improvement or change (Depaepe & Konig, 2018) according to their diverse goals and needs.
While many studies analyzed pre-service teacher education and current practices, limited
research investigated personalized adaptive teacher education to improve their self-efficacy. A
framework for personalized adaptive teacher education was developed to address this need to
increase teachers’ self-efficacy. An expected result is PAL framework will improve teachers’
learning experience, which is expected to enhance the learning experience for students and
increase teachers’ self-efficacy. Furthermore, the purpose of this study is to validate the PAL
framework’s impact on improving teachers’ self-efficacy. The PAL framework focuses on
components that identify teachers’ needs to educate them according to their specific needs to
increase teachers’ self-efficacy and perseverance to decrease teacher turnover.

The following section presents a comprehensive review of existing work in the literature
on personalized adaptive learning, teacher education, self-efficacy, and teacher retention to
layout current studies. This follows the study and study methods. This study’s findings are then
provided under the discussion section, followed by the conclusion, study’s limitations, and future

research directions that have emerged from this research.

Background
The following section presents a comprehensive review of existing work in the literature
on personalized adaptive learning (PAL), Teacher education and self-efficacy, and teacher
retention to provide a foundation to the study and identify previous studies to build on them and

prevent duplication.

Personalized Adaptive Learning
Personalized learning has been a research topic for a long time (Xie et al., 2019).

However, the meaning has changed over time; currently, personalized adaptive learning
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primarily implies an automated system that can respond to a learner’s progress in real-time
without the assistance of a live teacher or tutor and make content and content delivery relevant to
the learner by assessing their skills and being intentional about their needs (Shemshack &
Spector, 2020).

Personalized adaptive learning systems require using several tools and theories to build
adaptive and meaningful learning systems according to individuals’ needs and skills (Kinshuk et
al., 2016). These systems prevent the learner from becoming lost in the course materials; by
providing personalized adaptive learning, filtering out unsuitable course materials to reduce
cognitive load, and providing an adequate learning diagnosis based on an individual’s user
profile to help them learn effortlessly (Pliakos et al., 2019). Peng et al. (2019) suggested that
personalized adaptive learning could be constructed with the following aspects: learner profiles
and attitudes, previous knowledge and beliefs, competency-based progression, personal learning,
and flexible learning environments that are generated by learning analytics (Shemshack &
Spector, 2020). Current technologies allow the systems to provide services according to user’s
search history, preferences that encourage learning technologies researchers to imitate these
systems for learning systems; moreover, consider learners abilities and prior knowledge.

The review of literature identified overemphasis on personalized adaptive learning but
nothing practical for pre-service teacher education (Hall & Trespalacios, 2019). The literature
findings support that personalized adaptive learning has become a fundamental learning
paradigm in the research community of educational technologies (Peng et al., 2019; Xie et al.,
2019). The previous research suggested that personalized adaptive learning models have gained
more attention from governments and policymakers than educators and researchers (FitzGerald

et al., 2018; Shemshack & Spector, 2020). However, personalized adaptive teacher education has
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not gained as much attention.

Even though the literature findings are not directly tied to teacher education, this
literature review leads that personalized adaptive learning can be an approach for pre-service
teacher education due to the increased use of personalized adaptive learning approaches and their
favorable impact on learning (Pane et al., 2015). Furthermore, literature findings revealed that
although so many terms are used in education settings by policymakers and cooperate settings, in
the research field, the terms used for personalized learning are unified, and mostly personalized
learning and/or adaptive learning are being used (Shemshack & Spector, 2020). Peng et al.
(2019) put the two most common terms used for personalized learning together and started to use
“personalized adaptive learning,” which seems like a good lead for future studies. Developing
learning approaches that build on students’ current abilities and supporting efficacy beliefs
allows learner autonomy and with a proper challenge promotes academic attainment (Foshee et
al., 2016; Xie et al., 2019).

Also, it is essential to note that machine learning, data mining, and human behavior
determine factors that shape personalized adaptive learning. Among many different models and
systems that focus on personalized learning experiences for all, it is found that they are all based
on the fact that each human being is unique, so their needs are (Shemshack & Spector, 2020).
Furthermore, with all these resources available, it will be easy to use technology to provide
teachers with personalized adaptive learning experiences to focus on their needs and skillsets,
which is expected to increase their self-efficacy, that will lead to increased perseverance and

ultimately decrease in teacher turnover.

Teacher Education and Self-Efficacy

Pre-service teacher education is crucial in producing quality inservice teachers (Levine,
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2006; Mergler & Spooner-Lane, 2012; Wright & Wilson, 2005). Meaningful learning
opportunities need to be offered to pre-service teachers to prepare them for teaching better
(Natividad Beltran del Rio, 2021; Nel, 2017; Siko & Hess, 2014; Thoma et al., 2017). By
exploring teachers’ sense of efficacy, administrative leaders can take the initiative to boost
individual characteristics of teachers, including teacher self-efficacy, through experience, and
professional development. Teacher self-efficacy influences the course of instruction, problem-
solving, and decision-making within the classroom. Growing evidence has suggested that efforts
to tie teacher preparation more closely to practice can significantly impact inservice teachers’
impact on student learning (Colson et al., 2018; Depaepe & Konig, 2018; Jenset et al., 2018;
Schleicher, 2016).

As Bandura (1977) states, the stronger someone’s perceived self-efficacy, the more effort
they expend and persist longer in the face of difficulties than those who are unsure of their
capabilities. (Komarraju & Nadler, 2013). A teacher’s sense of efficacy influences persistence
and determination in the face of obstacles and adverse experiences (Artino, 2012; Bandura,
1977). As many school administrators and leaders know, retaining effective, quality teachers are
an integral part of school achievement for both students and teachers (van Tonder, 2021). As
Cavanagh and Dellar (1997) affirmed, school leaders need to create a culture that builds
collaboration, achievement, and effective instructional strategies while building competence in
their capabilities to achieve success in the field (Norman, 2019).

Furthermore, Bandura (1977) explains, “Efficacy expectations determine how much
effort people will expend and how long they will persist in the face of obstacles and aversive
experiences” (Komarraju & Nadler, 2013). An individual teacher with high levels of self-

efficacy empowers creativity for creating new teaching strategies, effective methods and is not
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surprised or taken back by adverse situations (Norman, 2019).

Holmes et al. (2019) found that teacher retention is a function of teacher’s characteristics,
educational preparation, initial commitment, first years teaching experience, professional and
social integration, and external factors. Therefore, teacher self-efficacy is crucial in
understanding teacher retention and an individual teacher’s intent to remain in the profession.
Teachers’ professional proficiency is composed of professional cognitive knowledge and
affective professional belief components, which are generally assumed to be related and impact
instructional practice (Colson et al., 2018; Depaepe & Konig, 2018; Jenset et al., 2018;
Schleicher, 2016).

A variety of researchers have discussed self-efficacy regarding the profession of teaching
and how this construct can highly influence a teacher’s intent to remain in the profession
(Bandura, 1993; Herman et al., 2018). It is observed (Bandura, 1993) that increased self-efficacy
increases resiliency which is observed to decrease teacher turnover (Herman et al., 2018). Due to
this, it is essential to focus on increasing teachers’ self-efficacy to keep them in the profession

and motivate them to improve their instructional practices.

Teacher Retention

The profession of teaching is filled with various challenges, and teachers have faced these
challenges for centuries (Jomuad et al., 2021). These challenges in teaching have created an
interesting phenomenon known as teacher turnover (Herman et al., 2018; Ingersoll, 2001).
Therefore, it is essential to discover the constructs that influence the resolution to the problem
known as teacher retention in recognizing this issue.

Within the first three years of teaching, one-third of new teachers leave the profession

(Carr et al., 2017). Once prospective teachers are hired, some districts offer induction or new
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teacher training. These efforts cost U.S billion dollars a year. The self-efficacy theory suggests
that people only attempt doing things they can accomplish (Ware & Kitsantas, 2007). However,
individuals who lack self-efficacy doubt their abilities and see complicated tasks as a threat. This
can lead to giving up quickly and, in this case, could lead to teacher turnover. When new
teachers experience more failures early on in their career and do not feel supported, it can result
in them leaving the profession (Grant, 2006; Pedota, 2015).

Supporting teachers through various types of structures and professional development
could increase teacher self-efficacy, leading to teacher retention (Grant, 2006; Ware & Kitsantas,
2007). Studies on pre-service teacher education that simultaneously relate cognitive and affective
components to instructional practice are limited (Depaepe & Konig, 2018). When a system that
supports teachers is in place and includes activities and programs that directly influence self-
efficacy, this could create a positive correlation between persistence and teacher retention
(Brown et al., 2013; Grant, 2006; Pedota, 2015). There is a need to develop an understanding of
which supports, and other programs help retain teachers. Most school districts provide a
combination of support, such as mentoring and instructional coaching, with varying frequencies
(Edwards & Nuttall, 2015).

Teacher self-efficacy is pointed out to be vital in understanding teacher retention and an
individual’s intent to remain in the profession (Norman, 2019). This study helped narrow the
focus and reveal how specific educational support can increase staying power in education and
impact teacher self-efficacy. School districts can use the results of this study to help improve
educational support, such as mentoring programs, instructional coaching, professional learning

communities, and professional development programs that are currently in place for teachers.
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Methods

The self-efficacy instrument was used to assess teachers’ self-efficacy. The values and
descriptors presented in the instrument enabled researchers to observe shifts in teachers’ self-
efficacy from before pre-service training and two weeks into school after entering the pre-service
training to validate the PAL framework to measure its impact on teacher self-efficacy. The self-
efficacy questionnaire instrument was distributed to teachers using Google forms before the pre-
service training to measure their self-efficacy. Pre-service training sessions were planned
according to the PAL framework to personalize and adapt sessions according to teachers’ skills
sets and knowledge. After pre-service training was done, school started, and teachers had two
weeks to practice skills they were introduced during the pre-service training. The second self-
efficacy questionnaire instrument was distributed to teachers using Google forms to observe the
teachers’ self-efficacy shifts. The findings of the study brought up a need for further
investigation on teacher self-efficacy. As a result, teachers’ efficacy results were investigated
further through interviews to investigate the significant decrease in teachers’ self-efficacy after

school started to measure the impact of PAL framework on teacher self-efficacy.

The Study
To serve the purpose of this study and address the gaps identified in the introduction
section, this study explores the following research question:

How can the PAL framework be used to personalize and adapt professional development
programs to address teachers’ diverse needs and skills to improve their self-efficacy?

Furthermore, to analyze the effectiveness and impact of PAL framework the following
sub-questions were asked: Was personalized adaptive teacher education framework effective to
improve teachers’ self-efficacy?

a. What impacts teachers’ self-efficacy?
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b. Why did teachers’ self-efficacy decrease after school started?
These sub-questions narrowed the focus of the study on PAL framework’s impact on teachers’

self-efficacy.

Instrumentation

An empirical study was conducted to analyze the impact of PAL framework on teachers’
self-efficacy. For this purpose, a Teacher Self-Efficacy Questionnaire instrument was designed
and developed by analyzing and adapting several existing surveys components, the instrument is
in Appendix 6.1 (Bandura, 2006; Roth et al., 2007; Schwarzer et al., 1999; Shemshack & Davis,
2020). The values and descriptors presented in the instrument enabled researchers to observe
shifts in teachers’ self-efficacy from before and after the pre-service training. The self-efficacy
questionnaire instrument was distributed to teachers using Google forms before summer
preservice training to measure their self-efficacy. It consisted of two sections: a demographics
section consisting of five demographic items and a teacher self-efficacy section consisting of 23
Likert-type items. In the demographics section, data was collected on teachers’ age, gender,
experience, the subject they teach, and grade level they teach. The 23 Likert type items in teacher
self-efficacy section were rated on a 6-point scale (1 = completely disagree; 2 = very much
disagree; 3 = somewhat disagree; 4 = somewhat agree; 5 = very much agree; 6 = completely
agree) to investigate teachers’ self-efficacy before and after the trainings. This paper analyzes
data from the teacher self-efficacy section, highlighting the instrument’s reliability, change in
teachers’ self-efficacy, and further data analysis investigation. Furthermore, participants were
invited to share their input to validate the study’s findings through interviews to get a more
holistic picture of components that play a role in teachers’ self-efficacy. Interview questions

focused on survey items that decreased significantly and the one only item that increased, to
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understand why. During the interviews, the findings of the first part of the study were discussed
with the participants and asked why they think these items significantly decreased. Also, the only
one increased item was explained to interview participants, and they were asked why they think

that item increased while all other items decreased. Interview questions are in Appendix 6.2.

Participants

This study collected data in the summer of 2021 from 127 (pre-survey) and 124 (post-
survey) Texas teachers in an urban K-12 Texas School district who attended pre-service training
designed according to the PAL framework. Teachers were requested to consent to the survey
through google form before being presented with demographics questions and Teacher Self-
Efficacy instrument. The demographics of the respondents identified 78% as females, 19% as
males, and about 3% who preferred not to say. Also, participants provided their teaching
experience, which documented many inexperienced (0-7 years) teachers responding to the
survey. 26.4% of the respondents had 0-3 years of teaching experience, 25.6% had 4-7 years of
experience, while only 7.2 % had more than 20 years of teaching experience. The respondents
were well spread out among grade levels and subjects they teach. Interviews were held to
validate the initial study’s findings, and they consisted of 15 participants. Teachers invited to

interviews were from across the district to ensure a good representation of each campus.

Pre-service Training

Based on the literature review, a conceptual framework for personalized adaptive
preservice teacher education was developed in a previous study that is expected to guide
personalized adaptive teacher education to increase teachers’ self-efficacy. The PAL framework
is based on an analysis of what factors help increase teachers’ self-efficacy. The PAL framework

is an attempt to address the lack of personalized adaptive preservice teacher education to
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improve self-efficacy. The PAL framework, located in Appendix 6.1, is a tool to improve
teachers’ self-efficacy and ultimately improve the learning experience for all.

The PAL framework is focused on increasing preservice teachers’ self-efficacy by
providing personalized adaptive learning support, which is expected to improve self-efficacy and
increase perseverance and efforts to learn new skills and acquire new knowledge. The PAL
framework suggests that dynamic data collection requires dynamic adaptation, intervention, and
intervention to close any learning gaps or avoid losing interest in learning progress. There is
growing data to show that efforts to improve teacher education can significantly impact student
learning. The PAL framework suggests dynamic data collection on teachers’ skills, knowledge,
and affective states, and the ability to adapt the content, activities, and content delivery. This
dynamic process is expected to increase teachers’ self-efficacy by providing challenging enough
content and adapting the resources dynamically according to their needs.

The summer pre-service training facilitators of an urban K-12 Texas school district
started planning the learning activity by using the PAL framework as a guide. Moreover, they
designed the learning activities and supported teachers according to their needs and skill levels.
It should be noted that this is not a start-to-end process; this is a cyclical process where
facilitators observe teachers’ learning and accordingly provide help and support.

This was a 10-day pre-service training. Teachers were more engaged for the first three
days; however, as new topics were being introduced to the teachers and the first day of the
school got closer, teachers’ engagement decreased. Facilitators could not change the number of
topics to be presented as the topics were presented by the district academic team. As many new
topics were introduced to teachers, they lost their motivation since, according to three teachers

interviewed, they did not have a chance to practice newly acquired skills before moving on to the
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next new topic. Challenging but achievable goals allow one to try and obtain feedback as
teachers proceed toward goal completion. Goals beyond teachers’ knowledge or skill levels will
likely lead to frustration and degrade self-efficacy (Bandura, 1977; Schunk et al., 2008).

Summer pre-service training started with training new teachers to pre-teach the main
concepts covered during summer PD, at this Texas urban school district. Schedule is located in
Appendix 6.2. Facilitators already had data on current teachers’ knowledge and skills as they
worked with teachers as curriculum coordinators. This is aligned with PAL framework under
assess current skills, knowledge & affect component.

During pre-service training, teachers were grouped by their subject areas and grade level,
so they attended sessions addressing needs specific to their teaching. Facilitators planned their
sessions based on data they had on teachers’ current knowledge, skills, and affective states to
adapt the learning activities, content, and content delivery accordingly. This is aligned with the
PAL framework under the adapt learning activities & content component.

Unfortunately, the sessions were virtual due to COVID-19 safety measures, so it was
hard to observe teachers’ behaviors and collect informal data to adapt the content and delivery
accordingly, as suggested by the PAL framework. Even though facilitators stated it was hard to
monitor each teacher’s emotional states and learning, facilitators still attempted to collect data on
teachers during the sessions based on their questions and engagements to adapt and personalize
their sessions accordingly, as outlined in PAL framework under personalized adaptive support
component.

Interventions and corrective feedback were provided to teachers throughout the sessions,
and the objective of each session was communicated with teachers before the sessions, during

the sessions, and in the end, to ensure teachers know the expected outcome for each session as

153



suggested by the PAL framework. As outlined in PAL framework under dynamic intervention
and correctness feedback components.

As suggested by the PAL framework, facilitators were collecting informal data on
teachers’ emotional states by monitoring their engagement, their comments in zoom chat, and
their facial expressions. Facilitators observed that teachers were getting overwhelmed by many
topics that were being introduced. However, they could not make changes to it as suggested by
PAL framework. Literature suggests that it is essential to have systems assess teachers’ state of
emotion and learning and adapt the content accordingly (Csikszentmihalyi, 1990; D’Mello &
Graesser, 2012). However, facilitators were not able to make changes to new topics that needed
to be introduced due to the preset schedule that was given to facilitators for the pre-service
training.

Before moving to the next learning activity, the facilitators observed teachers’
knowledge, skills, and guided learning activities to support teachers at the right time to improve
their self-efficacy that is ultimately expected to increase their efforts toward learning new skills
and increase perseverance. As a result of such personalized support, teachers are expected to
become life-long learners who will improve the learning experience for both their students and

them.

Reliability and Validity of the Self-Efficacy Instrument
Before disseminating the survey to participants, a pilot study was administered to validate
the instrument for the actual study. The output for Cronbach’s Alpha of the pilot study was .924,
which is excellent, according to DeVellis (1991). The actual study took place in August 2021
with 127 (pre-survey) and 124 (post-survey) participants. The outcome of Cronbach’s Alpha for

the main study was .949 for the participants (124) that completed the 23 Likert items to measure
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teachers’ self-efficacy. According to DeVellis (1991), this is “Excellent.” Exploratory factor
analysis (principal components, varimax rotation) determined the number of constructs assessed
by the survey instrument. The eigenvalue = 1 cutoff default resulted in two factors. One factor
consisted of items related to teachers’ ability, while the second one was teachers’ motivation for
teaching and educating themselves to improve their instructional practices.
The factors representing the constructs assessed by the instrument appear as follows:
e Factor 1 Teachers’ Ability Scale (Items 1, 2, 3,4, 5,6,7,8,9, 10, 11, 17, 18, 19, 20,
21, 22, and 23 in the survey) measures teachers’ self-efficacy regarding their ability
to teach and help their students.
e Factor 2 Teachers’ Motivation Scale (Items 12, 13, 14, 15, and 16 in the survey)

measures teachers’ motivation for teaching and educating themselves to improve their
instructional practices.

The KMO Measure of Sampling Accuracy yielded a statistical value of 0.905, which is
considered excellent (Kaiser, 1974). A value above .90 indicates that factor analysis will be
helpful when interpreting the data set. This also indicated that a significant proportion of

variance among the survey items is potentially a common variance.

Findings from the Self-Efficacy Scale and Interviews

This study investigated teachers’ self-efficacy before pre-service training in the summer
of 2021 and compared it with changes in self-efficacy two weeks after school started to validate
the PAL framework used for pre-service training. Teachers’ self-efficacy declined significantly
for all items except for one item where it increased. The most significant decline was in Item 20,
which is “I believe my administrators have efficient systems in place to support teachers in using
instructional software effectively.” The findings of the empirical study brought up a need for
further investigation on teacher self-efficacy. As a result, interviews were subsequently

conducted to investigate the decrease in teachers’ self-efficacy. Teachers shared that before
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school started, they trusted that there were good plans developed during the summer by their
administrators due to the information that was provided to them by their administrators.
However, once school started, most teachers did not know what to do. Administrators kept
asking teachers to do more compliance requirements without paying attention to the stress
teachers were going through due to a lack of time to get everything that was being asked.

Item 8 was further analyzed for any increase due to chance by using a binomial (sign test)
of all but one increase. As a result, a sign test was conducted. If the probability of “success” in
each trial or subject is 0.500, then:

e The one-tail p-value is < 0.0001: this is the chance of observing 22 or more successes
in 23 trials.

e The two-tail p-value is < 0.0001: this is the chance of observing either 22 or more

successes, or one or fewer successes, in 23 trials which shows that it is scarce to have
less than 0.0001 by chance for this item to increase.

The mean of pre-survey and post-survey helped to see the difference in each item’s means. The
mean of the pre-survey group is 5.24 out of 6, which shows a great alignment across items. One
might even argue that these items during the pre-survey were overinflated. This can be due to
teachers not trusting that the survey data was anonymous and having suspicion that it could be
used against them since it focuses on their confidence in their skills and ability as a teacher.
During interviews, teachers were asked about this, and they stated that they did not feel
comfortable that they did not have control over how data is collected and how much information
their administrators have access to. They stated that if the survey was sent through a third-party
company, they would feel more comfortable responding to the survey questions.

The mean of pre-survey shows that teachers’ self-efficacy was very high in summer
before they started training. However, post-survey was given two weeks after school started-

three weeks after pre-survey, and the mean is 5.11, which while still is high, we observed a
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decrease in teachers self-efficacy. While the mean of all items decreased, there is one item that
teachers reported as increased self-efficacy. The item has increased self-efficacy reports that
teachers’ self-efficacy increased for their confidence in helping their students to close the support
gap from home by using instructional tools. Cohen’s d effect size was analyzed for each item and
the whole group to investigate changes in self-efficacy and how they relate to each other
(Lenhard & Lenhard, 2016). Effect size (Cohen’s d) for the whole study is 0.52, which is
educationally meaningful according to Cohen (1988) (see Table 6.2).

Table 6.1

Effect Size (Cohen’s d)

I Pre-survey Post-survey
Mean 5.24 5.11
Standard Deviation 27 .26
Sample Size (N) 127 124
Effect Size Cohen’s d -0.52
Table 6.2

Effect Size (Cohen’s d) Guidelines

Significance I Value \
Small 0.2
Medium 0.5
Large 0.8

Each item’s Cohen’s d was calculated and educationally meaningful, and large ones were
Items 2, 5,19, and 20. When comparing means of Factors 1 and 2, the decline in Factor 1, which
is teachers’ confidence in their ability, is more significant than Factor 2, teachers’ motivation to
do the job. That finding can be interpreted as even though teachers’ self-efficacy declined due to

COVID-19 learning loss and the requirements of the job, their motivation did not decline at the
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same rate. As Henson (2001) suggested, teacher motivation is mainly defined as a desire to help
children learn and become productive citizens. The decline in teachers’ motivation was not
correlational with their confidence in their abilities to teach their students where they are at,
which can be a significant finding for administrators to understand the importance of helping
their teachers according to their needs to help them increase their self-efficacy to teach no matter
where students are at. Shemshack et al. (2021) suggested that it is essential for administrators to
have tools and intentional support to help teachers improve their teaching practices, and building
confidence in teaching becomes an essential component of efficient teaching.

As an extension of the empirical study, interviews were held to validate the findings of
the empirical study. During interviews, teachers were asked why they think teachers’ self-
efficacy went down after school started. Participants shared that before school started, they were
all motivated and ready to teach like before COVID-19 times. However, the policies and
uncertainties due to COVID-19 caused them to struggle to reach their students, and they lost
confidence that they could help their students to close the learning gap of two years. One
participant stated, “students’ scores are low; it is going to be a long year. Everybody feels like
first-year teacher.”

Also, the item in the survey that decreased significantly, “I believe my administrators
have efficient systems in place to support teachers in using instructional software effectively,”
was discussed and investigated by asking why that would happen. What do they think led to this
decrease in confidence that administrators are supporting teachers to be more efficient?”” The
reflections during interviews showed that teachers observed that not only their workload
increased, but their administrator’s workload increased as well. Due to increased workload, they

are not getting the support and help they need from their administrators, which caused losing
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confidence in their administrators; as reflected by one of the teachers, “Expectations from
teachers are too high, there is a disconnect between administrators and teachers.” Another
teacher said that they are looking into other professions as “it is not worth being a teacher
anymore.” Yet another teacher stated, “I do not feel I can stay in the teaching profession more
than one year.”

The interview participants were also asked that since the items that went down
significantly are the ones that mention administration support, why do they think teachers’
confidence in administration support declined after school started? Or whether they believe it is
related to what happened during these two weeks of school? If so, how?” Teachers stated that
they feel administrators are not seeing them as human beings anymore due to disconnectedness.
Everybody is focused on compliance items and there are no personal connections anymore which
have caused separation between teachers and administrators. One of the interview participants
stated, “there is no time to get everything done.”

The direction of discussion during interviews changed by getting participants’ attention
to the only increased item: “I am convinced that I can promote learning by using instructional
tools when there is a lack of support from home for the student.” During the interview, teachers
were asked to reflect on these findings by asking them, “Why do you think that would be an item
teachers’ confidence increased? Why do you think teachers’ confidence in helping students
decreased while their confidence in closing lack of support from home increased?”” Teachers
stated that due to COVID-19, they had to learn using many instructional tools and now they feel
more comfortable with abilities to help their students to keep learning at home even though there
is no parental support since they know possibilities of tools available.

Participants stated that lack of training and support to acknowledge the gap caused by
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Covid-19 and not to provide resources to address the learning loss during COVID-19 have been
huge obstacles for them. Teachers stated that they feel everybody pretends that students did not
go through a pandemic and expects the same outcome data for student learning as years before
COVID-19. Teachers feel that this is not fair to teachers as they are so worried about teaching
their students grade level standards while trying to teach them the standards from previous two
years to ensure they are closing learning gaps caused by COVID-19. After school started,
teachers realized that they were not as ready as they thought, and they did not have time to

complete all tasks they were asked to do.

Addressing the Research Questions

The above discussion sets the scene to help address each of the research questions of this
research. The first research question of this research is: How can the PAL framework be used to
personalize according to professional development programs to address teachers’ diverse needs
and skills to improve their self-efficacy? The PAL framework can be used to improve teachers’
self-efficacy and ultimately improve the learning experience for all. It can be used in different
settings with different scenarios. The framework is focused on increasing teachers’ self-efficacy
by providing personalized adaptive learning support, which is expected to improve self-efficacy
and increase perseverance and efforts to learn new skills and acquire new knowledge.

The literature suggests that dynamic data collection requires dynamic adaptation,
intervention, and correctness feedback to close any learning gaps and to avoid losing interest in
learning progress. There is growing data to show that efforts to improve teacher education can
significantly impact student learning. The PAL framework suggests dynamic data collection on
teachers’ skills, knowledge, and affective states, and the ability to adapt the content, activities,

and content delivery. This dynamic process is expected to increase teachers’ self-efficacy by
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providing challenging enough content and adapting the resources dynamically according to their
needs. For personalized adaptive teacher education to be effective, relevant cognitive and
affective states should be assessed to inform the instructional decision-making in personalized
adaptive learning systems. Data from the initial assessment can be supplemented and adjusted by
repeated measurements and data collection throughout the learning process (Tetzlaff et al.,
2020).

According to the PAL framework, personalized adaptive teacher education starts with
assessing teachers’ current knowledge, skills, and affective states to adapt the learning activities,
content, and content delivery. Ongoing assessment and data collection are needed to make
decisions according to teachers’ cognitive and affective states to adapt the content and content
delivery methods. Furthermore, the framework suggests supporting teachers with personalized
adaptive support, ongoing intervention, and corrective feedback. However, data collection is not
a procedure that happens occasionally; it is a dynamic process built into the learning process.
Progress towards mastery of learning activities can be continuously measured, and in case of
stagnation, content and content delivery adaptation can be implemented. This cycle of assessing
teachers’ current cognitive and affective states, setting learning activities and content delivery
accordingly, and employing assessment and data collection to check whether mastery was
achieved (which influences the learning activities for the next cycle) is the backbone of
personalized adaptive instruction (Tetzlaff et al., 2020).

According to teachers’ cognitive and affective states, adapting content within the
teachers’ proximal development zone (ZPD) is the main instructional adaptation of this
framework. As suggested in Bloom’s mastery learning approach (Bloom, 1968), the PAL system

needs to assess previous content/skill mastery before proceeding with the next one. Upon
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completion of the unit, there needs to be some assessment of the learning gains and subsequent
selection/design of the next unit (located in the zone of proximal development and presenting a
logical next step on the way to the high-level learning goal). An integral part of designing
personalized adaptive teacher education is personalized adaptive content selection based on
ongoing collected data on teachers’ current cognitive and affective states. Personalizing task
selection based on predicted efficiency and learner preference has been shown to increase
training and transfer performance (Tetzlaff et al., 2020) which is expected to increase teachers’
performance and, as a result, their self-efficacy.

Since the PAL framework was built around the current literature of personalized learning
tools and components, and solely focused on teacher education and how teachers’ self-efficacy
can be increased by providing personalized adaptive learning, the framework should be useful
for any teacher education institution. In addition, it can also be a helpful resource for K-12
school districts and regional educational centers to provide personalized adaptive teacher
education to increase teachers’ self-efficacy. Teachers face ongoing changes in education that
they are expected to keep up with; thus, we need teachers who are willing to learn more and
adapt their instructional practices according to changes in schools and society, especially with
technology. The PAL framework for personalized adaptive teacher education can guide future
studies to address this need and demand.

The outcomes suggested that even though a framework was used to personalize the
teachers’ learning experience, having so many components and different professional
development topics made it complex for teachers and facilitators, as noted by teachers
interviewed. During interviews, the participants suggested that planned learning opportunities

need to be focused and new topics should be presented one at a time to allow teachers to practice
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and feel confident in implementing it before moving into a new skill set acquisition.

The next question was a sub-question of the first question that focused on effectiveness of
personalized adaptive teacher education framework to improve teachers’ self-efficacy: Was
personalized adaptive teacher education framework effective to improve teachers’ self-efficacy?
The study results revealed that even though facilitators used the framework to personalize and
adapt the learning experience of teachers, time constraints and variety of the topics needed to be
covered were obstacles as teachers were not able to practice their skills to test their proficiency
and investigate their skill gaps to get further help and support. Teacher self-efficacy did not show
an increase because of training, except for only one item. Teachers felt confident; they can
promote learning by using instructional tools when there is a lack of support from home for the
student. So, it is suggested that the focus should not only be on delivery format but also that
teachers are given time to practice the newly acquired skills, feel confident in new skills, and be
aware of areas of need to get further help and support before moving on to introduce a new topic.

The framework was used to assess teachers’ learning throughout the sessions and adapt
as needed and group them according to their needs. However, having the sessions virtually was
an obstacle, and the facilitators were not able to walk around the room to listen to conversations
and see teachers progress as they were having them practice specific skills. Future studies are
needed to analyze the impact of the framework being used through computer software programs
that are programmed to use the framework and adapt the learning according to collected data and
also use the framework for regular in-person sessions after COVID-19 to measure the ability to
walk around the room to observe teachers progress, listening to their conversations to gauge their
understanding and adapt the content and content delivery accordingly, to measure frameworks

impact on teachers self-efficacy.
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Another sub question was: What impacts teachers’ self-efficacy? According to the
teachers who attended interviews, teachers need more time to plan and prepare their lessons and
have access to their administrators to get more help and support, so they know that if they need
help, their administrators have resources and time to help them.

Teachers responded to the decrease in teachers’ self-efficacy after school started by
pointing out that they thought they knew how to help and support their students without really
knowing how far their students were and what obstacles COVID-19 carry over from previous
school years. Once they assessed their students, they realized that their students are way behind
than what teachers thought, and students forgot school procedures and routines as they were out
of school for about two years. Teachers stated that they have behavior issues that they are trying
to get resolved while trying to teach students the grade level standards and trying to teach them

what they missed in last two years to ensure they are not missing foundational skills.

Discussion and Conclusions

Very little research in the literature has explicitly looked at personalized adaptive pre-
service teacher education to improve inservice teachers’ self-efficacy. Thus, this research is
expected to be the foundation for future studies on personalized adaptive pre-service teacher
education to improve teachers’ self-efficacy. Current studies point out that teachers are the main
determinants of instructional practices and student learning outcomes (Colson et al., 2018;
Darling-Hammond, 2000; Depaepe & Konig, 2018; Jenset et al., 2018; Schleicher, 2016).
Teachers’ beliefs shape their teaching practices by filtering interpretations, framing situations or
problems, and guiding actions (Heinonen et al., 2019).

Teachers have a strong sense of self-efficacy to help them maintain their interest in the

profession of teaching and use those skills to help the students they teach (Gedzune, 2015, as
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cited in Colson et al., 2018).

Teachers’ self-efficacy from pre-service training to two weeks after school started to
decrease significantly. Teachers stated that the workload and students’ significant learning loss
due to COVID-19 caused many teachers to lose their self-efficacy. We held interviews to discuss
the study’s findings, and many teachers stated that due to COVID-19, they do not feel competent
anymore due to changes COVID-19 has brought in the education system, and that uncertainty is
causing self-doubt.

Demographic questions were asked to analyze trends and patterns according to each
demographic; however, teachers of all demographics have reported decreased self-efficacy.
Items 1-6 in the survey aimed to measure teachers’ confidence in instructional software tools and
their abilities to reach struggling students; their self-efficacy decreased. Furthermore, this group
of questions has one of the most decreased self-efficacy items that is “I am responsive to my
students’ needs by using several different tools available to me.”

Items 6-11 focus on measuring teachers’ confidence to use tools and resources available
to motivate students to keep learning. This group of questions included one of the most
decreased self-efficacy items as well the only increased item that teachers stated, “I am
convinced that I can promote learning by using instructional tools when there is a lack of support
from home for the student.”

Items 12-16 focus on measuring teachers’ motivation, whether intrinsic or extrinsic,
which, while they all decreased, their decrease was not significant.

Items 17-23 focus on measuring teachers’ confidence in resources and support systems
available to them, and this group of questions has the largest decrease in teachers’ self-efficacy.

This aligns with the comment made by one of the teachers interviewed,” administrators have too
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many expectations, students’ data was expected to be normal; however, we realized there is a
huge learning loss due to Covid-19. ““ Also, another participant stated that changes in
administrator team brought a change in rules and expectations, which brought uncertainty and
caused loss of trust in support systems since teachers did not know if any were available to them:
“Teaching is overwhelming; especially this year is more challenging than last year when we had
Virtual learning due to Covid-19. Everybody is expecting normalcy while there is normalcy;
Covid-19 carried over so many issues in teaching, not only learning loss and behavior issues.
Pre- and post-survey were administered with a two-week window to ensure teachers have
time to use the skills and strategies obtained during pre-service training. Post survey was
administered after the second week of the school that students returned from summer break. So,
teachers were able to use these skills and observe their abilities and self-efficacy and have an
opportunity to interact with their students to understand their needs and current ability levels.
Furthermore, participants were invited to share their input to validate the study’s findings
through interviews to get a more holistic picture of components that play a role in teachers’ self-

efficacy. Interview questions are in Appendix 6.3.

Limitations and Future Research
The initial focus of this study was the induction year teachers. However, the number of
participants was low, which required the focus to be widened to all teachers at urban school
district in Texas. A future study should concentrate only on the induction year teachers to
measure the impacts of personalized adaptive learning on induction year teachers since the
highest turnover is with this group of teachers (Ingersoll, 2001; Norman, 2019)
A future study should also assess the long-term effects of personalized adaptive pre-

service teacher education in a more holistic approach for induction year teachers since the
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highest turnover is with this group of teachers (Ingersoll, 2001; Norman, 2019). This study could
compare the resiliency and turnover rate of teachers who did not have an opportunity for
personalized adaptive pre-service education with teachers who did have an opportunity for
personalized adaptive pre-service education. The small sample size is another limitation of the
study. There were 124 survey responses collected and 15 teachers interviewed. Also, regional
bias might be an obstacle to generalizing the study since participants were only Texas teachers.

This study was planned for two different school districts. However, one of the school
districts had many changes in their administration team, and the research team could not reach
out to them to plan for the study. This change resulted in holding the study only with one school
district in Texas, which is considered a limitation. We could not analyze and compare different
school districts to see if results impact the study or a specific district’s approach to teacher
professional development might affect the study’s findings.

Pre-service training sessions were virtual, and we could not observe teachers figure out
their progress and understanding and need for help. Also, it is essential to mention that teachers
had different trainers during these sessions, and trainers’ ability to personalize and adapt to the
content might have differed from trainer to trainer, which might affect the study results. Also, it
is important to note that teachers stated that the amount of information given to them in a short
time was an obstacle for them to retain the information.

The way the study was conducted, it could not be ensured that it was the same
participants taking pre-and post-survey. Participants were indeed asked to take post-survey only
if they took the pre-survey. However, there is a remote possibility that some post-survey
participants were those who had not taken pre-survey. Due to this, a one-to-one data analysis

could not be conducted to see changes in individual teachers’ self-efficacy. Instead, the means of
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the groups were compared. Demographics information of pre- and post-survey respondents were
compared, and they seem to be highly aligned (about 114 out of 124). Further studies can use an
analysis approach that ensures that the same participants take both pre- and post-surveys to
provide one-to-one comparison without losing anonymity.

Due to high self-efficacy being reported in pre-survey, there is another possible limitation
of the study: teachers do not trust anonymous surveys. They might have thought that the district
is collecting data on their skills and abilities, and results might be used against them. So, a self-
reported self-efficacy survey might not be a true reflection of their self-efficacy, which is usually
a possibility with self-reporting. However, teachers stated that the survey can be distributed by a
third-party company to help teachers feel more comfortable about the anonymity of the reporting
of their self-efficacy regarding their skills and motivation.

Future studies can explore self-efficacy directly compared to teacher retention with
longitudinal studies to study the direct link between teachers’ self-efficacy and teacher retention.
The data of this study were collected through a series of surveys of teacher perceptions.
Therefore, there was an assumption that participants were reasonably honest in their perceptions
of their school environments, and such an assumption may be a limitation of the study. Focusing

on teacher education to improve the learning experience for students and inservice teachers

needs to be explored further.
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Appendix 6.2: Pre-Service Training Schedule

2021-2022 Summer New Teacher Orientation

Facilitators Names

Wednesday, July 28 Thursday, July 29
Teachers grouped by their
- * = =
needs and skill levels New Teacher* Orientation
9:00 am - 12:00 pm GROUP A (Full)
1:00 pm - 4:00 pm GROUP B GROUP D
K-2 Schedule
Tuesday, Aupust 3 Wednesday, fungust 4 Thisrsdas, Auijgust 5
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3-5 ELAR PD Schedule
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Thursday, August 5
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6-8 ELAR Schedule
Tuesday, August 3 *dnesday, August Thursday, August 5
Amplify Training: Gth Grade ONLY
Hotice & Hole (8:30 - 10:30 AM)
Independent Reading
(8:30-10:30 AM) Lesson Planning: Sth Grade OMNLY
5 (5:40 - 10:30 AM)
ing Seasion Introductien o ELHRFUH‘IC'I.I'UI"I"I .
Wi (8:30 - 11:30 AM) Amplify Training: Tth Grade ONLY
Lesson Planning: Tth Grade ONLY (11:00 AM - 1:00 PM)
(10:45 - 12:30 AM) Lesson Planning: 6th Grade OMLY
(11:10 - 1:00 PM)
The afterncon will be reserved for teachers to:
Aftemoon Session | - engage with instructional malenals Ampity Tra.-mng Bm Eﬂade OhLY
(1:30 - 3:30 AM)
- ensure you have access fo Schoglogy

Monday, August 9 Tuesday, Augues Wednesday, August 11

L AR A
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Marning Session & Discussion in 3 Secondary Clagsroom
- 0 P
(1020 - 1550 F) (8:30 AM - 11:30 AM)
ThinklpiReady Training
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Demo Account
Aftermoon Session hittps:¥pd.i-ready.com Sora: Dighal Library

Usamame: COSE {300 - 4:00 PM)

Password: Dem
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Tuesday, August 3 Wednesday, August 4 Thursday, August 5
) ] R Adas .
MTﬂﬁE;;mn Intraduction to 3-5 Math Curriculum 3.5 Math Instructional Practices 3-5Malh De:,ﬁgr';ie&;i:ﬂn Flanaing
The afternoons will be reserved for 3-5 math teachers to;
Afternoon Sess - Engage with instructional materials and lesson preparation
1:00-4:00 - Engure you have access to programs: Schoology, STEMscopes Math, ThinkUp and ST Math
(Dermo atcounts will available fof upcoming training purposes if necded)

Monday, August 9 Tuesday, August 10 Weadnesday, August 11

Think. Lo & iRtead ST Malkh {MNew Teachens)
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6-8 Math & Math Interventionists Schedule

Tuesday, August 3 Wednesday, Augusi 4 Thursday, August 5
The mornings will ke reserved for 5-8 math teachers to:
Moming Session - Engage with instructional materials and lesson preparation
8:30-11:30 - Ensure you have access to all programs: Schoology, McGraw Hill, ThinkUp, and ALEKS

(Demo accounts will available for upcoming training purposes if needed)

6-8 Math Deap Dive & Lesson Planning
by Grade Level
(and Math Interventionists)
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Teacher Toolbow priof 10 iraining Password: 15 for bodary's sészion
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Planning With Your ILT Zoom Links

Tuesday, August 3

Morning Session

The miorning will be reserved for teachers to engage with instructional materials and ensure they have access.

Thursday, August 5

Introducton 1o Social Studies Curriculum

Afternoon Session (1:00 - 4:00 PM)

Monday, August 9

MeGravi-Hill Training
(8:30 - 10:00 AM)
Kty mheducation.com
Demo Account
TEAGHER USERNAME: 5
PASSWORD: 1

Morning Session

1:00 - 4:00 PM
Region 20: Social Studies
Professional Development

1:00 - 4:00 PM
Region 20: Social Studies
Professional Development

Tuesday, August 10

Wednesday, Augusi 11

The morning will be reserved for
teachers to engage with
instructional materials and ensure
you have access

Gth & Tth Grade Lesson Planning

Afternoon Session (2:30 - 400 PM)

Gth Grade Lesson Planning
(1:00 - 3:00 PM)
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Appendix 6.3:Teacher Interview Questions

1. We looked at teachers’ self-efficacy before training and compared it with two weeks after
school. Teachers’ self-efficacy went down for all items except for one item going up. Why
do you think that is? Why would teachers’ self-efficacy about their ability to help their
students decrease instead of increasing with training?

2. One of the items that decreased significantly is “I believe my administrators have efficient
systems in place to support teachers in using instructional software effectively.” Why would
that happen? What do you think led to this decrease in confidence that administrators are
supporting teachers to be more efficient?

3. Items that went down significantly are the ones that mention administration support; why do
you think teachers’ confidence in administration support declined after school started? Or do
you believe it is related to what happened during these weeks of school? If so, how?

4. The only item increased is “ I am convinced that I can promote learning by using
instructional tools when there is a lack of support from home for the student.” Why do you
think that would be an item teachers’ confidence increased? Why do you think teachers’
confidence in helping students decreased while their confidence in closing lack of support
from home increased?

5. Data show patterns for both decreases in motivation and confidence in teachers’ skillset.
What do you interpret from this finding?

6. Is there anything you think we should consider when we are trying to figure out data and
trying to understand why teachers’ self-efficacy decreased after the training or school
started? What do you think is the impact on the decrease?

Note: Follow-up questions were asked as deemed to get more clarification.
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Appendix 6.4: Item by Item Change in Means

Pre-Survey | Post-Survey

Survey Items

Means Means
1. When I try hard enough, I can reach even the most struggling students by using the tools with which I am provided. 1 5 4.93 -0.07
2. As time goes by, I will continue to become more capable of helping to address my students’ needs. 2 5.59 5.38 -0.21
3. I can successfully teach all relevant subject content to even the most struggling students. 3 5.09 4.94 -0.15
4.1 can effectively use the instructional tools with which I am provided. 4 52 5.07 -0.13
5. I am responsive to my students’ needs by using several different tools available to me. 5 5.46 5.23 -0.23
6. I know that I can motivate my students to use instructional tools to keep learning at their own pace. 6 5.29 5.1 -0.19
7. I know that I can carry out innovative ideas for using instructional tools. 7 5.28 5.21 -0.07
8. I am convinced that I can promote learning by using instructional tools, when there is a lack of support from home for the
student. 8 4.87 4.9 0.03
9. I am confident in my ability to keep students on the task on complex assignments by using instructional tools. 9 5.2 5.07 -0.13
10. I am confident in my ability to motivate students who show little interest in schoolwork by using instructional tools. 10 5.07 5.02 -0.05
11. I am convinced that I can help students enjoy coming to school by using instructional tools. 11 5.24 5.18 -0.06
12. When I try to find interesting topics and new ways of teaching, I do so because it is important for me to keep up with
innovations in teaching. 12 361 347 0.14
13. When I invest effort in my work as a teacher, [ do so because it is important for me to feel that I can help people. 13 5.7 5.6 -0.1
14. When I try to find exciting tools and new ways of teaching, I do so because it is fun to create new things. 14 5.65 5.49 -0.16
15. When I invest effort in my work as a teacher, I do so because I enjoy finding unique solutions for students. 15 5.65 5.51 -0.14
16. When I devote time to individual talks with students, I do so because I like being in touch with children and adolescents. 16 5.57 5.39 -0.18
17. I have received adequate training on instructional tools available to me. 17 4.84 4.8 -0.04
18. The training I have received helped me to use instructional tools available to me more efficiently. 18 4.94 4.86 -0.08
19. There is an effort by my administrators to help me use instructional tools available to me efficiently. 19 5.19 4.87 -0.32
20.1 believe my administrators have efficient systems in place to support teachers in using instructional software effectively. 20 5.04 4.67 -0.37
21. I am provided with high-quality instructional software programs to support my instruction. 21 4.97 4.94 -0.03
22. I have received professional learning opportunities to promote student engagement and motivation. 22 5.05 4.82 -0.23
23.1 have the necessary skills to effectively teach and use instructional tools available to me efficiently. 23 5.24 5.1 -0.14
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Appendix 6.5: Item by Item Cohen’s d

Effect Size

Survey Items ’ Pre mean SD ’ Post mean SD |

Cohen’s d

1. When I try hard enough, I can reach even the most struggling students by using the tools with which I am provided. 5 0.873 4.93 0.939 -0.077
2. As time goes by, I will continue to become more capable of helping to address my students’ needs. 5.59 0.525 5.38 0.761 -0.322
3. I can successfully teach all relevant subject content to even the most struggling students. 5.09 0.817 4.94 0.943 -0.17
4.1 can effectively use the instructional tools with which I am provided. 52 0.787 5.07 0.903 -0.154
5. I am responsive to my students’ needs by using several different tools available to me. 5.46 0.687 5.23 0.766 -0.316
6. I know that I can motivate my students to use instructional tools to keep learning at their own pace. 5.29 0.68 5.1 0.859 -0.246
7. 1 know that I can carry out innovative ideas for using instructional tools. 5.28 0.744 5.21 0.886 -0.086
?(.) rIté}llr: S(i?ll(llzillred that I can promote learning by using instructional tools, when there is a lack of support from home 487 0.946 49 1.058 0.03

9. I am confident in my ability to keep students on the task on complex assignments by using instructional tools. 5.2 0.724 5.07 0.808 -0.17
10. I am confident in my ability to motivate students who show little interest in schoolwork by using instructional tools. 5.07 0.799 5.02 0.879 -0.06
11. I am convinced that I can help students enjoy coming to school by using instructional tools. 5.24 0.729 5.18 0.837 -0.077
iiﬂ?’&lfllllggjaiz I;c;) iﬁri(el ;élﬁcie;gting topics and new ways of teaching, I do so because it is important for me to keep up 561 0.606 547 0.604 0231
13. When I invest effort in my work as a teacher, I do so because it is important for me to feel that I can help people. 5.7 0.509 5.6 0.523 -0.194
14. When I try to find exciting tools and new ways of teaching, I do so because it is fun to create new things. 5.65 0.585 5.49 0.749 -0.238
15. When I invest effort in my work as a teacher, [ do so because I enjoy finding unique solutions for students. 5.65 0.557 5.51 0.618 -0.238
;géle\Kfslézlrlltls ‘devote time to individual talks with students, I do so because I like being in touch with children and 557 0611 539 0.793 -0.255
17. I have received adequate training on instructional tools available to me. 4.84 0.971 4.8 0.928 -0.042
18. The training I have received helped me to use instructional tools available to me more efficiently. 4.94 0.924 4.86 0.868 -0.089
19. There is an effort by my administrators to help me use instructional tools available to me efficiently. 5.19 0.932 4.87 0.945 -0.341
if(‘)feIcl?[Sie?;,e my administrators have efficient systems in place to support teachers in using instructional software 504 0971 467 0.994 0377
21. I am provided with high-quality instructional software programs to support my instruction. 4.97 0.999 4.94 0.957 -0.031
22. I have received professional learning opportunities to promote student engagement and motivation. 5.05 0.967 4.82 0.98 -0.236
23.1 have the necessary skills to effectively teach and use instructional tools available to me efficiently. 5.24 0.75 5.1 0.805 -0.18
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CHAPTER 7
DISCUSSION AND CONCLUSION

To investigate the impact of personalized adaptive teacher education on increasing
teachers’ self-efficacy, this dissertation used a manuscript style format to address the scarcity of
research on personalized adaptive teacher education to increase teachers’ self-efficacy and
decrease teacher turnover. To provide meaningful learning opportunities to students, meaningful
learning opportunities also need to be offered to teachers to prepare them for teaching better
(Natividad Beltran del Rio, 2021; Nel, 2017; Siko & Hess, 2014; Thoma et al., 2017). However,
studies on teacher education that simultaneously relate cognitive and affective components to
instructional practice are limited (Depaepe & Konig, 2018). This research is anticipated to be the
foundation for future studies on personalized adaptive preservice teacher education to improve
teachers’ self-efficacy.

Research has shown that teachers are key to enhancing learning in schools (National
Research Council, 2000). Therefore, it is imperative to prepare our preservice teachers properly
and support them with personalized adaptive education that focuses on their diverse needs.
Preparing preservice teachers according to their needs is expected to prepare teachers to support
and help their students better.

Numerous studies investigated teachers’ impact on student learning and found that
teachers are the main determinants of instructional practice and student learning outcomes
(Colson et al., 2018; Darling-Hammond, 2000; Depaepe & Konig, 2018; Jenset et al., 2018;
Schleicher, 2016). Hence, teachers need to be prepared by providing personalized adaptive
preservice teacher education to improve their self-efficacy. Teachers’ views shape their

instructional practices by refining interpretations, framing situations or difficulties, and guiding
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actions (Heinonen et al., 2019). Reflecting on Bandura’s (1994) suggestion, self-efficacy beliefs
determine how people feel, think, motivate themselves, and perform; it is predominant that
teachers have a strong sense of self-efficacy to help them sustain their interest in the teaching
profession (Gedzune, 2015, as cited in Colson et al., 2018).

Teaching is a demanding, stressful, and high workload profession that requires good
stress management skills. As pointed out by Bandura (1997), preservice teachers with recurred
success feelings are more successful with managing the stress caused by the demands of the
teaching job. Thus, preservice teachers need to have a sense of self-efficacy for teaching
responsibilities (Ryel et al., 2001, as cited in Colson et al., 2018) to deal with the daily stress.

The first paper in this dissertation provides literature review and the findings revealed the
existence of a high rate of personalized adaptive learning studies but a lack of connection for
personalized adaptive learning and preservice teacher education to increase teachers’ self-
efficacy. While findings pointed out that personalized adaptive learning has become a significant
learning model in the research community, there is no concise and unified definition for
personalized adaptive learning. Also, the literature pointed out that personalized adaptive
learning systems seem to evolve as technology develops, and machine learning, data mining, and
human behavior seem to be primary determinants that shape personalized adaptive learning.
Although this study was solely focused on personalized adaptive learning, it provided a
foundation for understanding the strengths of personalized adaptive learning. Hence, this
systematic literature review built a path to personalized adaptive learning for preservice teacher
education as personalized adaptive learning approaches increase and their favorable impact on
learning (Pane et al., 2015). Also, as mentioned earlier, the gap for analyzing components used

for personalized adaptive learning was identified because of this literature review.
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The second paper examined common elements that have been used for personalized
adaptive learning to determine what components would be suitable for personalized adaptive
preservice teacher education. The results demonstrated two things. First, the variety of
components being used for personalized adaptive learning is increasing as technology develops.
Second, using personality traits and their identification techniques has enormously positively
influenced personalized adaptive learning environments. Furthermore, it is also essential to point
out that Smart Learning Environments (SLEs) and Learning Analytics (LA) are determined to be
fundamental tools to allow learners to meet their learning goals by promoting awareness,
recommendation, self-reflection, assessment, feedback, and motivation, which are essential
components of personalized adaptive learning. Furthermore, because of the focus of this study, it
was concluded that a united evolving personalized adaptive learning approach would consider
four main components; learner profiles, previous knowledge, personalized adaptive learning, and
a flexible self-paced learning environment that develops a personalized learning path according
to provided dynamic learning analytics.

The third paper focused on assessing inservice teachers’ needs to identify how
administrator support, inservice teacher training, and access to materials can help teachers
increase their self-efficacy to determine components that help improve teachers’ self-efficacy.
This research was developed based on Bandura’s (1982) suggestion that self-efficacy determines
how much effort one will expend and persevere in the face of obstacles or aversive experiences.
Thus, this study gathered data on the support teachers received from their administrators and
how it impacted their self-efficacy. The results of this study suggested that the more training

teachers receive, the more confident they feel. Furthermore, this paper’s findings shed light on
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factors that improve teachers’ self-efficacy and contribute to this dissertation on factors that
improve teachers’ self-efficacy.

As this study investigated the impact of the support teachers receive from their
administrators, which is an essential first step toward enhancing efficient practices that support
both teachers and administrators to increase teachers’ self-efficacy, the findings of this study can
guide preservice teacher education institutions and decision-makers of teacher education to
assess inservice teachers’ needs and self-efficacy to help and support them with a more
personalized adaptive education to improve their self-efficacy.

Teachers deal with ongoing changes in education that they are expected to keep up with;
therefore, we need teachers who are willing to learn more and adapt their instructional practices
according to changes in schools and society, especially with technology. As a result, the fourth
paper focused on a conceptual framework developed based on the literature review and in-depth
analysis of personalized adaptive learning components that can be used for teacher education to
improve teachers’ self-efficacy. Furthermore, the proposed framework for personalized adaptive
preservice teacher education can be used as a tool for teacher education to improve teachers’
self-efficacy and ultimately improve teachers’ and students’ learning experiences.

Moreover, this framework can be used in different settings with various scenarios. A
step-by-step illustration for preservice teacher education is provided in this study to reflect its
usage in learning environments. This framework is expected to improve teachers’ self-efficacy
by providing personalized adaptive learning support, resulting in improved self-efficacy and
increased perseverance to learn new skills and acquire new knowledge. This study can be used as

a reference for future research and teacher education.
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This study’s findings revealed that dynamic data collection requires dynamic adaptation,
intervention, and correctness feedback to close any learning gaps or prevent teachers from losing
interest in learning. This study is foundational as growing data has shown that improving
preservice teacher education can significantly impact student learning.

The fifth paper is an empirical study that focuses on validating the framework proposed
in this research by using the framework to analyze the pre and post-self-efficacy of a teacher
group before and after personalized adaptive training. The values and descriptors presented in the
self-efficacy instrument allowed researchers to observe changes in teachers’ self-efficacy from
before summer preservice training and two weeks into school to validate the PAL framework to
measure its impact on teacher self-efficacy. Summer preservice training sessions were planned
according to the PAL framework to personalize and adapt sessions according to teachers’ skills
sets and knowledge. After summer preservice training was done, school started, and teachers had
two weeks to practice skills they were introduced to during summer preservice training. The
second self-efficacy questionnaire instrument allowed observation of the teachers’ self-efficacy
shifts.

The findings of the study brought up a need for further investigation on teacher self-
efficacy. As a result, teachers’ efficacy results were investigated further through interviews to
investigate the significant decrease in teachers’ self-efficacy after school started to measure the
impact of the PAL framework on teacher self-efficacy.

Teachers shared that before school started, they trusted that there were good plans
developed during the summer by their administrators, based on the information provided to them
by their administrators. However, once school started, most teachers did not know what to do.

Administrators kept asking teachers to do more compliance requirements without paying

185



attention to the stress teachers were going through due to a lack of time to get everything done.
Very little research in the literature has explicitly looked at personalized adaptive
preservice teacher education to improve inservice teachers’ self-efficacy. This research expands
that research and is expected to be the foundation for future studies on personalized adaptive
preservice teacher education to improve teachers’ self-efficacy. Although this study’s findings
revealed the existence of a high rate of personalized adaptive learning studies, there is still a lack
of connection between personalized adaptive learning and preservice teacher education to
increase teachers’ self-efficacy. While findings pointed out that personalized adaptive learning
has become a significant learning model in the research community, there is no concise and
unified definition for personalized adaptive learning. Also, the literature pointed out that
personalized adaptive learning systems seem to evolve as technology develops, and machine
learning, data mining, and human behavior seem to be primary determinants that shape
personalized adaptive learning. This study built a path to personalized adaptive learning for
preservice teacher education as personalized adaptive learning approaches increase and as well
as their favorable impact on learning. Also, as mentioned earlier, the results of this study
suggested that the more training teachers receive, the more confident they feel. Furthermore, this
study’s findings shed light on factors that improve teachers’ self-efficacy and contribute to
enhancing teachers’ self-efficacy. Current studies point out that teachers are the main factors of
instructional practice and student learning outcomes (Colson et al., 2018; Darling-Hammond,
2000; Depaepe & Konig, 2018; Jenset et al., 2018; Schleicher, 2016). Moreover, teachers’
beliefs shape their teaching practices by filtering interpretations, framing situations or problems,
and guiding actions (Heinonen et al., 2019). Teachers have a strong sense of self-efficacy to help

them maintain their interest in the profession of teaching and use those skills to help all students
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they teach (Gedzune, 2015, as cited in Colson et al., 2018).

This preliminary study can lead to future studies and implications of preservice teacher
education and inservice teacher education to understand the importance of being aware of
teachers’ needs and accordingly provide them with personalized adaptive support that focuses on
their needs. Personalized adaptive teacher support is expected to increase teachers’ self-efficacy,
resiliency, and teacher retention. Preservice teacher education institutes, regional educational
centers, and school districts can benefit from this study and similar studies to prepare teachers for
the teacher profession and the challenges it brings to ensure higher teacher retention rates.
Increased teacher retention rate will help us keep educated trained teachers in the profession, so
we do not need to start from scratch every year with new teachers. First-year teachers are
primarily in survival mode compared to veteran teachers; they need more mentoring and support,

which costs money to school districts and loss of instructional time for students they serve.

Overall Limitations

This study has several limitations that are inevitable. While a comprehensive review of
literature was conducted as part of this research, the immense number of papers published in this
area means the literature review in this research might have missed some relevant papers. This is
a problem many studies face.

Lack of access to many induction year teachers was a limitation of this study, as the
initial intention was indeed to focus on induction year teachers. This resulted in including
teachers with varied years of experience, which shifted the focus of the study from induction
year teachers to all teachers. Therefore, the impact of the PAL training on induction year
teachers was not measured.

Changes in schools’ administrator teams were another limitation of this study as it caused
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obstacles to access to more teachers and school districts.

The small sample size is another limitation of the study. A total of 385 teachers were
surveyed for one of the studies, and 124 teachers were surveyed, and 15 teachers were
interviewed for empirical study. Although there were enough number of participants to achieve
valid and reliable results through the instrument used, collecting more data would provide more
generalizable results. Also, regional bias might be an obstacle to generalizing the study since
participants were only Texas teachers; as the education systems vary across states in the United
States and worldwide, teachers’ self-efficacy levels might be different as expectations and job
requirements differ. The findings might be limited to the sampled population. Future studies can
scale it up to include more participants from other regions for a large-scale investigation.

Summer preservice training sessions were virtual, so observing teachers determine their
progress, understanding, and the need for help could not be accommodated as much as it would

be in the in-person training.

Recommendations for Future Studies

This study solely focused on summer preservice training designed using the PAL
framework and did not have enough participants to have control groups to compare teacher
retention rates. Future research could compare different preservice teacher education practices
and measure their impacts on teacher self-efficacy and retention. Current studies reported that
higher teacher self-efficacy rates result in higher teacher retention rates to study the correlation
between teachers’ self-efficacy and retention rates.

This study could not measure the long-term impact of the PAL support as only two weeks
were given to teachers before sending out the post-survey. Hence it is essential to measure the

long-term effect of ongoing PAL opportunities to measure teachers’ self-efficacy and its impact
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on teacher retention. A future study should assess the long-term effects of personalized adaptive
preservice teacher education in a more comprehensive approach over three years of teaching
since the highest turnover is with induction year teachers (Ingersoll, 2001; Norman, 2019).

Future studies should also look into the pre-service education practices of other
professionals and compare their self-efficacy with teachers to analyze if professionals given
more time to practice during pre-service education has a positive impact on self-efficacy.

As the PAL framework suggested that based on literature, PAL opportunities will
increase teachers’ self-efficacy and, because of increased self-efficacy, teachers’ resiliency will
increase as they face challenging issues, decreasing teacher turnover. Hence, future studies can
compare the resiliency and turnover rate of teachers who did not have an opportunity for
personalized adaptive preservice education with teachers who did have an opportunity for
personalized adaptive preservice education. Furthermore, future studies can explore self-efficacy
directly compared to teacher retention with longitudinal studies to study the direct link between

teachers’ self-efficacy and teacher retention rates.
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