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ABSTRACT

Personalized learning is increasingly supported by artificial intelligence, learning analytics, adaptive learning
systems, and other digital technologies in higher education. However, the effectiveness of personalized learning
also depends on whether learners are prepared to manage, regulate, and sustain their learning. This scoping
review examined how personalized learning readiness (PLR) has been conceptualized and measured in higher
education. Searches were conducted in Scopus, Web of Science Core Collection, China National Knowledge
Infrastructure (CNKI), and ERIC. After deduplication, 601 unique records were screened, and 24 studies
published between 2017 and 2026 were included. Only two studies directly examined PLR, while the remaining
22 provided contextual evidence through related constructs such as digital and technological readiness, digital
competence, self-directed learning, self-regulated learning, learning autonomy, learning preferences, technology
acceptance, and trust. Existing measurement approaches were grouped into four broad types: direct PLR
assessment, adaptation of related readiness measures, indirect assessment through learner-process constructs,
and behavioral or outcome indicators. No common PLR definition or measurement instrument was repeatedly
used across the included studies. Based on the evidence, PLR is best understood as learners’ psychological and
behavioral readiness to manage their learning, make learning decisions, and sustain participation in personalized
learning. Future research should develop and validate PLR-specific measures and examine their predictive value
across longitudinal and cross-cultural contexts.

Keywords: personalized learning readiness, higher education, personalized learning, learner readiness, scoping
review

INTRODUCTION

With the deeper development of digital transformation in higher education, technologies such as online learning
platforms, learning analytics, adaptive learning, and generative artificial intelligence enable universities to more
accurately identify the differences among students in terms of their learning needs, abilities, interests, and
progress. This allows them to provide more targeted content, pathways, resources, and feedback. In this context,
personalized learning has become an important teaching method in higher education. It emphasizes adjusting the
learning process based on individual differences and progress, while also encouraging students to participate in
learning decisions and actively manage their own learning. Therefore, personalized learning not only reflects the
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transformation of teaching methods supported by digital technology, but also serves as a key direction for
promoting reforms in higher education teaching.

For the purposes of this review, personalized learning is understood as an approach in which learning content,
pathways, resources, pace, or feedback are adjusted to individual learner characteristics while learners retain an
active role in learning decisions and self-management. Related approaches were treated as conceptually
overlapping but not identical. Adaptive learning primarily refers to data- or system-driven adjustment,
individualized learning emphasizes tailoring learning to individual needs or pace, and customized instruction
refers more broadly to the modification of instructional provision. These approaches were included only when
learner readiness or a closely related learner condition relevant to participation in personalized learning was
examined within a clear personalized learning context.

However, the external support provided by technology and instructional design does not automatically ensure
successful personalized learning. Its effectiveness also depends on whether students have the necessary readiness
to engage in personalized learning. Compared to teacher-directed teaching methods, personalized learning gives
students more choices and autonomy; however, it also requires them to take on more learning responsibilities,
such as setting goals, managing their time, choosing appropriate strategies, and monitoring their progress.
Therefore, a student’s willingness to participate in personalized learning, as well as their ability to manage and
control their own learning, are important factors that determine the effective implementation of personalized
learning. These factors also form the basis for discussing a student’s readiness for personalized learning.

Existing research uses similar concepts such as learner readiness, self-directed learning readiness, online learning
readiness, and digital learning readiness, but their definitions, dimensions, and measurement methods vary. In
higher education, it remains unclear which characteristics constitute elements of personalized learning readiness,
and which should be considered separate concepts such as self-regulated learning, digital skills, or technology
acceptance. Most reviews focus on technical systems, teaching models, and learning outcomes, without
providing a systematic analysis of learner readiness and its measurement. Therefore, this study adopts a scoping
review approach to examine how PLR has been conceptualized and measured in higher education. The review
maps direct PLR evidence together with contextual evidence from related learner constructs, while maintaining
clear conceptual boundaries between PLR and adjacent constructs such as SRL, SDL, digital competence, and
technology acceptance. It also compares the available measurement approaches and psychometric evidence and
maps variables associated with learner preparedness to identify priorities for future research.

MATERIALS AND METHODS

Inclusion and Exclusion Criteria

This scoping review was guided by the JBI methodological guidance for scoping reviews [19] and reported in
accordance with the PRISMA extension for Scoping Reviews (PRISMA-ScR) [25]. Eligibility criteria were
structured using the Population—Concept—Context (PCC) framework. The population comprised learners in
higher education; the concept referred to the readiness required for learners to participate in, manage, and sustain
personalized learning activities; and the context comprised personalized, individualized, customized, or closely
related adaptive learning environments in higher education. Based on this framework, the inclusion and
exclusion criteria were defined before study selection.

The inclusion criteria include: (1) The study subjects are undergraduate students, postgraduate students, or other
individuals pursuing higher education; if the study covers multiple educational stages, the results related to
higher education must be able to be extracted separately. (2) The study discusses the readiness of learners or
related concepts of readiness within a clear personalized learning context. (3) The study must report at least one
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aspect such as concept definition, dimensions of composition, measurement tools, levels of readiness,
influencing factors, or relevant variables. (4) The literature types include published quantitative studies,
qualitative studies, mixed-method studies, or studies on the development and validation of measurement tools.
(5) The report was published in Chinese or English and a full text could be retrieved for eligibility assessment.

The exclusion criteria include: (1) The study subjects are only primary and secondary school students, teachers,
parents, administrators, educational institutions, or technical systems, and it is not possible to extract results
related to higher education learners separately. (2) The study focuses solely on teacher, organization, or technical
readiness. (3) The study deals with online learning, digital learning, artificial intelligence, or technology
acceptance, but it is not clearly situated within a personalized learning context. (4) The study discusses
instructional design, platforms, algorithms, or learning outcomes, but it does not define, measure, or analyze
learner readiness. @ The report was a review, commentary, editorial, book review, news article, research
proposal, duplicate record, or was published in a language other than Chinese or English. Reports whose full
texts could not be retrieved were recorded separately as “reports not retrieved” and were not counted as full-text
exclusions. No publication-year restriction was applied.

Literature Search

The searches were conducted in Scopus, Web of Science Core Collection, China National Knowledge
Infrastructure (CNKI), and ERIC. For the English search, keywords related to personalized/individualized
learning, learner readiness, self-directed or self-regulated learning, and higher education were used. In the
Chinese search, the term “personalized learning” served as the core keyword, along with terms such as
“readiness”, “learning preparation”, “learner readiness”, and “self-directed learning”. The searches in Scopus,
Web of Science, and CNKI were completed on August 5, 2026, while the search in ERIC was completed on
August 15, 2026. A total of 555 records were obtained from the first three databases; after removing duplicates,
410 records remained. From the two sets of records obtained from ERIC, 218 records were identified, and after
combining these with existing records, 191 unique records were added. Ultimately, 601 unique records entered
title and abstract screening. The specific search strategies and results are presented in Table 1.

Table 1: Complete Search Strategies and Results by Database

Database/ID |Search strategy/field n
Scopus ("personalized learning" OR "personalised learning") AND (readiness OR preparedness)
. . . 344
S1 Field: Article Title, Abstract, Keywords
("individualized learning" OR "individualised learning" OR "customized learning" OR
Sconus "customised learning") AND (readiness OR preparedness OR "learner readiness" OR
3 P "student readiness" OR "self-directed learning readiness") AND ("higher education" OR |31
universit* OR college* OR undergraduate™)
Field: Article Title, Abstract, Keywords
Web of . . . . .
Science ("personalized learning" OR "personalised learning") AND (readiness OR preparedness) 149
W1 Field: Topic
Web of ("individualized learning" OR "individualised learning" OR "customized learning" OR
. "customised learning") AND (readiness OR preparedness) AND ("higher education" OR
Science . . 22
universit* OR college* OR undergraduate™)
W2 ) .
Field: Topic
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Database/ID |Search strategy/field n
NKI

; ) Subject = personalized learning AND Subject = readiness 1

CNKI . ) . . . .

72 Subject = personalized learning AND Subject = learning readiness 2

CNKI . ) . . :

73 Subject = personalized learning AND Subject = learner readiness 1

CNKI . ) . . . .

74 Subject = personalized learning AND Subject = self-directed learning 5

ERIC Personalized/individualized learning x readiness/preparedness/learner readiness/student 94

El readiness; combined search across ERIC titles, abstracts, and subject terms
Personalized/individualized learning X self-directed/self-regulated

ERIC ) : . . . .

B learning/autonomy/readiness x higher education/college/university; combined search|124
across ERIC titles, abstracts, and subject terms

Literature Screening

The references identified through the database searches were imported into EndNote 2025 for management.
Duplicate records were identified using title, author, publication year, and DOI, followed by manual verification
of standardized titles. The database searches yielded 773 records in total, including 555 records from Scopus,
Web of Science Core Collection, and CNKI and 218 records from ERIC. After duplicate removal, 601 unique
records remained for title and abstract screening.

Records were then screened according to the predefined eligibility criteria. A total of 534 records were excluded
during title and abstract screening, leaving 67 reports for which full texts were sought. Full texts could not be
retrieved for 22 reports. The remaining 45 reports underwent full-text eligibility assessment. Of these, 21 reports
were excluded because they did not meet the predefined eligibility criteria, and 24 studies were included in the
final evidence synthesis. Final study-selection categories were treated as mutually exclusive for PRISMA-ScR
reporting [25]. The study-selection process is presented in Figure 1.

Figure 1. PRISMA-ScR flow diagram of the study-selection process

Records identified from

Scopus, Web of Science Records identified from
Core Collection, and ERIC (n=218)
CNKI (n=555)

%

Total records identified from
databases (n=773)
Dupicate records removed
(n=172)
Records screened by title and N Records excluded
abstract (n=601) (n=534)
Reports sought for retrieval N Reports not retrieved
(n=67) (n=22)
Reports assessed for eligibility N Reports excluded
(n=45) (n=21)
Studies included in review
(n=24)
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Data Extraction and Synthesis

A data extraction table was created using Microsoft Excel. Information such as authors, years, country or region,
subjects of study, sample size, research design, personalized learning contexts, terms and definitions related to
readiness, dimensions of the study, measurement tools, number of items, scoring methods, reliability and validity
information, and main findings were extracted. Descriptive statistics were used to summarize the characteristics
of the studies, and content analysis was employed to define concepts and determine measurement methods.
Variables related to readiness were only briefly presented; no effect sizes were combined. Because the purpose
of this scoping review was to map conceptualizations and measurement approaches rather than to estimate
intervention effects, a formal risk-of-bias assessment was not conducted. Instead, available information on
measurement quality was extracted and compared across studies. This included pilot testing, internal consistency
reliability, factor analysis, construct validity, composite reliability, convergent validity, and other reported
psychometric evidence where available. Measurement evidence was interpreted as support for the construct
originally assessed by each instrument and not automatically as evidence of validity for PLR.

RESULTS

Literature Screening Results

The searches across Scopus, Web of Science Core Collection, CNKI, and ERIC yielded 773 records. After
duplicate removal, 601 unique records remained for title and abstract screening. Of these, 534 records were
excluded, leaving 67 reports for which full texts were sought. Twenty-two reports could not be retrieved. The
remaining 45 reports underwent full-text eligibility assessment, of which 21 were excluded and 24 studies were
included in the final evidence synthesis.

Among the 24 included studies, only two directly examined personalized learning readiness. The remaining 22
studies provided contextual evidence through related learner constructs and personalized, individualized, or
adaptive learning contexts, including digital and technological readiness, digital competence, self-directed
learning, self-regulated learning, learning autonomy, learning preferences, technology acceptance, and trust.

Basic Characteristics of the Studies Included in the Research

A total of 24 studies published between 2017 and 2026 were included. Eighteen studies (75.0%) were published
between 2024 and 2026, indicating that most of the available evidence remains recent and has developed
alongside rapid advances in Al, learning analytics, and adaptive learning.

The studies covered at least 12 countries and were concentrated mainly in Asia and Eastern Europe, although
evidence was also identified in other regions. Some studies did not clearly report the country in which the study
sample was recruited; therefore, study location was not inferred solely from author affiliation. Research designs
included cross-sectional surveys, correlational studies, SEM, mixed methods, experiments, scale validation,
learning analytics, and qualitative approaches. Sixteen studies reported verifiable sample sizes, involving at least
4,139 higher education students.

The research contexts included Al-supported adaptive learning, machine-learning-based personalization,
learning analytics, Al chatbots, automated feedback, flipped classrooms, mobile learning, flexible learning
environments, personalized language learning, and personalized learning analytics dashboards. Detailed study
characteristics are presented in Table 2.
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Table 2: Characteristics of the Included Studies

Participants and

Study Country Design Personalized learning context Evidence type
sample
Omirali et al Kazakhstan 150 Cross-sectional Propos§d proactive Al .multi-agent Contextual
(2025) undergraduates |survey system in a Canvas environment
Survey n = 145; : : Learning analytics  supporting
Hussan et al. ) . : Sequential mixed |, . . . .
Malaysia interviews n = individualized learning pathways |Contextual
(2024) methods .
18 and resource recommendations
L First-year L Personalized learning system for
Muslihati et al. . . . Descriptive .
Indonesia  |university academic support of first-year|Contextual
(2022) survey
students; NR students
Shamsudin & ) 400 ODL |Survey;  PLS-|Machine-learning-enabled
Malaysia . ) Contextual
Cao (2025) students SEM personalized learning
Platform  pilot;
Higher learning Al-supported distance-learning
Rakhmetov et al. . . . . .
(2026) Kazakhstan |education analytics and | platform, adaptive trajectories, and | Contextual
students; NR  |SEM personalized feedback
) ) Personal educational trajectories for
Krasnopolskyi et ) 100 first-year| Teaching o ) )
Ukraine i individualized  foreign-language | Contextual
al. (2024) students experiment i
learning
Kubincova & . Teachers  and|Comparative Personalized virtual learning | .
o Slovakia i Direct PLR
Mikova (2025) students; NR  |survey environment
Elfaiz et al. ) 356 university | Survey; K-means | Personalized learning based on| .
Indonesia . Direct PLR
(2025) students clustering learner profiles
) 296 university Al-driven adaptive multimedia and
Alsaffar (2025) |Kuwait Survey; SEM . ) Contextual
students personalized learning pathways
320 prospective
. Survey and . .
Poznanskyy et i foreign- i Al-adaptive foreign-language
Ukraine teaching . . Contextual
al. (2025) language . learning and personalized feedback
experiment
teachers
Chanyawudhiwa
n & ) 378 Survey; CB-|Al-supported intelligent nano-
. Thailand . Contextual
Mingsiritham undergraduates |SEM learning platform
(2026)
Shermanova & Higher Mixed methods; . )
. . . Al tools, digital literacy, and
Taylakova Uzbekistan |education experimental/co lized learni th Contextual
ersonalized learning pathways
(2026) students; NR  |ntrol P Ep y
i i Pedagogical/imp |Interactive technologies, learning
Kondrateva et al. . University . L .
Russia lementation motivation, and  personalized | Contextual
(2023) students; NR .
study learning pathways
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Participants and : : : :
Study Country 1 Design Personalized learning context Evidence type
sample
Mixed methods; .
Alvarez & . '1xe @e 0as Khanmigo Al platform and
Philippines |Students; NR  |hierarchical i . Contextual
Angeles (2025) ) personalized learning
regression
Al learni istant, individualized
Lee (2026) Malaysia Students; NR | Mixed methods carming as,s istant, ICvIcuatize Contextual
support, and timely feedback
Koh & Kan 262 university Personalized. adapti.ve' learning iTl a
NR Survey next-generation digital learning | Contextual
(2021) art students )
environment
. ) . |Cross-sectional ) )
Mukherjee & 200 university Al chatbots supporting self-directed
. NR survey; . . Contextual
Singh (2026) students ) and personalized learning
PCA/regression
S 1 Qualitatively Automated feedback supporting
urvey n = 32;| = . : : .
Li & Kim (2024)| Australia Y ) driven mixed |personalized English-learning | Contextual
e-portfolion=7 ) )
methods trajectories
Bui et al. (2022) [NR 155 engineering Pre-p9st Flipped . classro?m supporting Contextual
students experiment personalized learning
. . . Self-regulated and collaborative
Ma & Chiu 35  university | Exploratory ) L
NR i personalized vocabulary learning in | Contextual
(2024) students mixed methods
MALL
) .. |Survey; Technology-supported flexible and
849 university ) o . i
Fujii (2024) Japan rudent correlational individualized learning | Contextual
students
analysis environment
. . . Scale . . .
Harati et al University Online adaptive learning
NR development and . Contextual
(2020) students; NR . environment
validation
Technology-supported personalised
1 learning; digital lit ,
Zhang & Yang 420 college | Quantitative angtiage feariing .1g1 .a freracy
NR engagement, motivation, and|Contextual
(2025) students survey )
adaptation to PL tools
Focus groups n|Exploratory Personalized learning analytics
Roberts et al. .
NR = 41; survey|multi-method dashboards, learner preferences,|Contextual
(2017) .
sample NR study control, and customization

Note. PLR = personalized learning readiness; ODL = open and distance learning; NR = not reported or not
verifiable from the available published record or exported metadata. Country information was reported only
when explicitly supported by the available record and was not inferred from author names or other indirect
information.

Terminology and conceptual definitions related to learner readiness

Among the 24 included studies, only two directly examined readiness for personalized learning. Elfaiz et al. [5]
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conceptualized student readiness in terms of learning adaptability, motivation, perceived value of learning, and
technical proficiency, and used clustering to identify different readiness profiles. Kubincova and Mikova [12]
assessed readiness for personalized learning environments by comparing teacher and student preferences for
learning materials, technologies, and teaching methods.

The remaining 22 studies provided contextual evidence through related constructs, including technological and
digital readiness, digital competence, Al acceptance, self-directed and self-regulated learning, learning
autonomy, learning preferences, learning analytics acceptance, and adaptation to personalized environments. For
example, Zhang and Yang [27] examined digital literacy, motivation, engagement, and adaptation to
personalized learning tools, while Roberts et al. [22] examined student preferences, customization, and learner
control in personalized learning analytics dashboards. These studies provide evidence about conditions
associated with participation in personalized learning, but they do not establish these constructs as equivalent
measures of PLR. Overall, no unified definition or dimensional structure of PLR has yet been established.

Dimensions and measurement methods

Existing measurement approaches can be grouped into four types. First, a small number of studies directly assess
PLR using indicators such as motivation, learning preferences, and technical skills, usually through self-
developed instruments. Second, some studies adapt measures of technological or digital readiness, Al readiness,
learning analytics acceptance, trust, and technology acceptance. Third, constructs such as self-directed learning,
self-regulated learning, autonomy, and learning preferences are used to indirectly represent students’ capacity to
engage in personalized learning. Fourth, behavioral and outcome indicators, including platform use, course
preferences, learning performance, and pre—post changes, are used as indirect measures. Although Harati et al.
[7] developed the Adaptive Self-Regulated Learning Questionnaire (ASRQ), it measures self-regulated learning
in adaptive environments rather than PLR. Overall, no common PLR instrument has been repeatedly used across
the 24 studies.

Table 3: Readiness Terms and Measurement Approaches in the Included Studies

Term and evidence : .. Items, scoring, and
Study Operationalization .

type measurement evidence
Omirali  et|Al-use readiness; | Self-developed survey: usefulness, trust,|5-point; 0=.77—-.83; readiness
al. (2025) |contextual value, privacy, autonomy 0=.83

) ) ) ) Pilot n=10; face validity; o
Hussan et|Learning analytics | Adapted survey + interviews: awareness, Y

. . NR
al. (2024) |readiness; contextual |comfort, usefulness, data handling
.. .. |Academic/self- . .. .

Muslihati et cacemicise ) Survey: anxiety, SRL, writing skills,
regulatory readiness; . NR

al. (2022) support needs, media preferences
contextual

h i f TR, ML

Shamsudin Technology Survey ) © o competence, a, CR, AVE, Fornell-Larcker

& Cao . personalized learning, engagement,
readiness; contextual reported

(2025) performance

Rakhmetov |Initial digital | Digital competence/training groups +

1 hometrics NR
et al. (2026) |readiness; contextual |learning analytics Scale and psychometrics

Krasnopols . ' o
kvi etp al Personal-trajectory  |Agency,  attitudes,  motivation  +|No PLR measure;
(2y 024) "|readiness; contextual |educational-trajectory experiment psychometrics NR
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Term and evidence : .. Items, scoring, and
Study Operationalization .

type measurement evidence
Kubi a3 |P lized learni . . .

Y 1ncpvar ers.ona 12eC AN | Peacher—student preferences for materials, | [tems/scoring/psychometrics
& Mikova environment technology, and methods NR
(2025) readiness; direct PLR &Y
Elfaiz et al.|Personalized learning|21-item self-developed survey + K-means . .

) ] 5- t; pilot n=39; 0=.79
(2025) readiness; direct PLR |profiles pomt, protn *
Alsaffar Learner digital | Adapted online readiness, digital literacy,|Pilot n=30; 0=.91; CR=.94;
(2025) readiness; contextual |and SDL measures AVE=.73
Poznanskyy | Al-use readiness; | Motivation,  cognition, and activity Psychometrics NR
et al. (2025) |contextual components
Ch d .

Janyawt . . . ) About 5 items per construct;
hiwan & |User readiness and |Survey of quality, experience, environment, 5-oint: ot 1=30:
Mingsiritha |trust; contextual data, Al support, readiness pomnt P ’

a=.82—-.90
m (2026)
Shermanov |Digital
tence/Al Di 2.2 t +
a & compe ence ‘ ! 1gC9mp assessmen No PLR measure
Taylakova |learning readiness | interviews/focus groups
(2026) conditions; contextual
Motivational and self- o
Kondrateva | o lw.i rona an‘ > Motivation, technology wuse, and self-
reflective readiness; } NR
et al. (2023) reflection
contextual
Al & . . . . .
Anvaerlee ZS Al adoption|Survey + interviews on Khanmigo|Psychometrics NR
@ 0% 5) readiness; contextual |acceptance and perceptions
Digital readiness; | Survey, performance data, and interviews |Implementation condition; no
Lee (2026) . .
contextual on Al learning assistants PLR measure
Readiness for next-
ti digital )
Koh & Kan gener'a o BHUIMS  use and expected e-learning
learning . n =262; No PLR measure
(2021) . experience
environments;
contextual
Mukherjee [Al chatbot . -
; PCA f lit
& Singh |adoption/SDL; Squvey, c a}nd regression of usability, n=200; psychometrics NR
ethics, and barriers
(2026) contextual
Li & Kim|Autonomy/self- E-portfolios, focus groups, surveys on
. . =7/32; no PLR
(2024) regulation; contextual | feedback and regulation t 1o feasure
Bui et al. SDL/'personalized Pre—post SDL, p‘ersonalized learning, n = 155; psychometrics NR
(2022) learning; contextual |engagement, evaluation
. |SRL/collaborati
Ma & Chiu c0 ‘a ord 1ve. Pre—post  survey, vocabulary test,
personalized learning; | . . n=35; no PLR measure
(2024) interviews
contextual
Page 6318

www.rsisinternational.org



http://www.rsisinternational.org/

INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS)
ISSN No. 2454-6186 | DOI: 10.47772/1JRISS | Volume X Issue VIII August 2026

Term and evidence : .. Items, scoring, and
Study Operationalization .
type measurement evidence

Autonomy  support

1 i f aut lit fi
Fujii (2024) and earning Survey. of autonomy, modality preference, n=849; indirect readiness
preferences; strategies, GPA
contextual
Harati et al. | Adaptive SRL;|ASRQ for multidimensional SRL in|Expert review; a and CFA;
(2020) contextual adaptive learning not PLR-specific

Structured questionnaire examining digital |n = 420; B = .841, p < .001;
literacy, language proficiency, engagement, | item-level scoring and
motivation, and adaptation to personalized | psychometric evidence NR in
learning tools the verified record

Zhang  &|Digital
Yang literacy/adaptation to
(2025) PL tools; contextual

Learner preferences, |Focus groups, student-generated dashboard

. . .. |F =41;no PLR-
Roberts et|control, and learning-|designs, and survey data examining ocus groups i 1o

specific instrument; survey

al. (2017 analytics acceptance;|preferences, privacy, alerts, customization, .
( ) y P P P y psychometrics NR

contextual and learner control

Note. TR = technology readiness; ML = machine learning; LDR = learner digital readiness; ASRQ = Adaptive
Self-Regulated Learning Questionnaire; CFA = confirmatory factor analysis; CR = composite reliability; AVE
= average variance extracted. The table reports only information verified in the available published records or
the reviewed manuscript. NR indicates that item, scoring, or reliability/validity information was not reported; no
assumptions were made.

The quality of measurement also varies considerably. Some studies reported internal consistency, measurement-
model validation, or confirmatory factor analysis [18], [5], [2], [23], [4], [7], whereas others relied mainly on
acceptance surveys, preference measures, interviews, behavioral data, or learning outcomes. These approaches
often assess related constructs such as SRL, SDL, digital competence, technology acceptance, trust, or learning
preferences rather than independently validated PLR.

The reviewed measures also differed in their target constructs and applicability to PLR in higher education.
Direct PLR measures were limited to two studies and were based on context-specific readiness profiles or
preferences rather than a repeatedly validated higher education instrument. Other instruments were originally
designed to assess digital readiness, technology readiness, technology acceptance, learning analytics acceptance,
SDL, SRL, autonomy, digital literacy, or related constructs. Therefore, reported reliability and validity evidence
supports the original constructs assessed by these instruments but does not establish their validity as measures
of PLR. This distinction limits direct comparison of readiness scores across studies and reinforces the need for
a PLR-specific measurement framework.

Variables Related to Learners’ Preparedness

Existing studies mainly associate learner preparedness with digital and technological readiness, digital
competence, self-regulation and autonomy, trust and ethics, learning preferences, motivation, and learning
outcomes. Digital or technological preparedness and competence have been linked to personalized learning
paths, platform use, academic performance, adoption intentions, engagement, and adaptation to personalized
learning tools, although these relationships are context dependent [2], [23], [4], [21], [27]. LMS experience, Al
usability, ethical concerns, learning analytics preferences, and perceptions of Al platforms also influence
students’ expectations and use of personalized digital environments [9], [16], [1], [22].
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Learner-related factors are equally important. Self-direction, self-regulation, autonomy, learning preferences,
learner control, and feedback use have been associated with engagement and learning processes in personalized
environments [3], [15], [14], [6], [7], [22]. Privacy, security, and trust may further support or constrain students’
acceptance and use of such environments [18], [8], [22]. Overall, preparedness is related to multiple learner and
contextual factors, but these constructs should not be treated as equivalent to PLR.

Table 4: Learner-Readiness-Related Factors Examined in the Included Studies

Evidence theme

No. of studies

Main direction

Representative studies

strategy use, or performance

Direct . . e
e . Directly describes or distinguishes
PLR/readiness - for students' readiness profiles or
personalized 2 . P . Elfaiz et al.; Kubincova & Mikova
. readiness states for personalized
learning .
. learning
environments
.. .. Omirali et al.; H tal.; Sh di
Digital and Generally shows positive or riratl e al, Tussan et a amsudin
) } . |& Cao; Rakhmetov et al.; Alsaffar;
technological context-dependent  relationships ) o
readiness with athwa optimization Chanyawudhiwan & = Mingsiritham,
com eten,ce Al 14 lat formp Zse P learnin’ Shermanova & Taylakova; Alvarez &
and ’ , use; zn agement, ado t;on intention ogr Angeles; Lee; Koh & Kan; Mukherjee
848 > acop 7 |& Singh; Poznanskyy et al.; Zhang &
acceptance learning performance
Yang; Roberts et al.
Muslihati et al.; Krasnopolskyi et al.;
Self-regulation, Supports management and | Elfaiz et al.; Poznanskyy et al.; Koh &
self-direction, and|12 sustained participation; distinct|Kan; Mukherjee & Singh; Li & Kim;
learner autonomy from PLR. Bui et al.; Ma & Chiu; Fujii; Harati et
al.; Roberts et al.
. Trust and usability support|Omirali et al.; Hussan et al;
Trust, privacy, . . . . . S
. adoption; privacy, security, ethical | Chanyawudhiwan & Mingsiritham;
ethics, and |7 ) .
. ) concerns, overreliance, and | Alvarez & Angeles; Lee; Mukherjee &
technical barriers . . . .
technical barriers constrain use Singh; Roberts et al.
L i Motivati fi . .
carning otivation, . Pre erence's, Krasnopolskyi et al.; Kubincovd &
preferences, autonomy, and differences in| . .
motivation teacher-student erceptions Mikovd; Elfaiz etal.; Poznanskyy et al
’ 10 ) pereep ) Kondrateva et al.; Koh & Kan; Li &
agency, and influence  how  personalized| .
o Kim; Fujii; Zhang & Yang; Roberts et
teacher-student opportunities are used and what al
perceptions support is needed '
Adaptive feedback, AI support,|Shamsudin & Cao; Rakhmetov et al.;
Personalized personalized pathways, flipped Krasnopolsk}fl et al.;‘ A'd‘saffar;
classrooms, and  automated |Chanyawudhiwan & Mingsiritham;
system support and |13 .
) feedback are generally associated | Shermanova & Taylakova; Alvarez &
learning outcomes . . . .
with  improved  engagement,|Angeles; Lee; Bui et al.; Ma & Chiu;

Fujii; Harati et al.; Zhang & Yang

Note. Studies may contribute to multiple themes; therefore, counts are not mutually exclusive.
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Overall, favorable learner conditions such as stronger digital competence, self-direction, self-regulation,
autonomy, motivation, learning preferences, or technology acceptance were often associated with greater
engagement with personalized learning opportunities. However, these constructs are conceptually and
operationally heterogeneous and should not be interpreted as a single readiness score. Because the studies used
different definitions, instruments, research designs, and predominantly cross-sectional or self-report data, the
available evidence does not support a pooled estimate of PLR or a causal conclusion regarding its effects on
learning outcomes.

DISCUSSION

Concept Definition and Boundaries

The findings indicate that PLR in higher education remains conceptually underdeveloped and requires clearer
theoretical boundaries. Based on the reviewed evidence, PLR can be understood as a psychological and
behavioral state in which students are able and willing to manage their learning, make learning decisions, and
sustain participation in personalized learning. This definition emphasizes learning management, willingness, and
sustained engagement. Accordingly, the heterogeneity identified in this review should not be interpreted as
evidence that these constructs are interchangeable. Rather, it reflects the absence of an established PLR
framework and explains why existing findings cannot yet be combined into a single readiness construct..

Related constructs should remain conceptually distinct from PLR. SRL concerns the regulation of learning
processes, SDL emphasizes learner responsibility and initiative, digital competence reflects the ability to use
digital technologies, and technology acceptance and trust concern willingness to use particular systems. These
constructs may be associated with PLR and may support or constrain learners’ readiness to engage in
personalized learning. However, an association with PLR does not mean that these constructs are equivalent to
PLR or constitute PLR itself. In other words, they may represent related learner characteristics, supporting
conditions, or learning processes, but they should not be used interchangeably with PLR. Accordingly, the core
of PLR should focus on learners’ readiness to manage their learning, willingness to learn, and capacity to sustain
goal-directed participation in personalized learning, while digital competence, technology acceptance, trust, and
institutional support are better treated as related or contextual factors.

Measurement Methods and Situational Adaptability

The main challenge in PLR measurement is the inconsistency of what is being measured. Existing studies assess
related constructs such as digital readiness, technology acceptance, trust, SRL, SDL, and learning preferences
rather than PLR itself. Therefore, these measures cannot be directly combined into a unified PLR score. The two
additional contextual studies reinforce this pattern. Zhang and Yang [27] examined digital literacy and adaptation
to personalized learning tools rather than PLR itself, while Roberts et al. [22] examined learner preferences,
customization, and control in personalized learning analytics dashboards rather than a readiness scale. These
studies are informative for understanding conditions surrounding personalized learning, but they do not provide
PLR-specific measurement instruments.

If PLR refers to learners’ psychological and behavioral readiness to engage in personalized learning, measures
related to self-directed learning readiness may provide a more appropriate basis, while technological factors
should be treated separately. For example, the Personalised Learning Environment Questionnaire developed by
Waldrip et al. [26] includes 12 self-directed learning readiness items covering self-management, desire for
learning, and self-control, which are consistent with the ability and willingness to manage personalized learning.
However, its factor structure, reliability, validity, and measurement invariance should be re-examined when
applied to higher education or cross-cultural contexts.
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Future studies should clearly report item sources and adaptation procedures and assess reliability, convergent
and discriminant validity, and measurement invariance. Longitudinal or intervention studies are also needed to
determine whether PLR predicts engagement, strategy use, and learning outcomes beyond SRL, SDL, digital
competence, and technology acceptance. Such evidence is necessary to establish PLR as a distinct and
meaningful construct.

Research Gaps and Implications for Higher Education

The 24 included studies were published between 2017 and 2026, with 18 appearing between 2024 and 2026.
Although the evidence spans multiple countries and higher education contexts, its geographical distribution
remains uneven and study location was not always clearly reported. Most studies rely on single-institution or
course-based samples, cross-sectional surveys, or self-report data. Longitudinal and experimental evidence,
specialized PLR measures, incremental validity, and cross-cultural measurement invariance remain limited.
Some studies also assess expectations, digital competence, technology acceptance, or preferences toward
emerging Al and learning-analytics systems rather than PLR itself, which limits direct comparison and causal
interpretation.

Future research should distinguish PLR from contextual conditions and learning processes. A useful framework
is “core readiness—contextual conditions—learning process—learning outcomes,” in which PLR represents
psychological and behavioral readiness, while digital competence, accessibility, Al trust, and privacy serve as
contextual factors. Self-regulation, self-direction, and engagement represent learning processes. Longitudinal,
multi-group, and cross-cultural studies are needed to examine change, subgroup differences, and structural
comparability.

In practice, institutions should not equate digital familiarity or willingness to use Al with PLR. Readiness
assessment should focus on learning management, willingness to learn, and self-control, while basic digital
skills, learning preferences, platform experience, trust, privacy, and fairness should be assessed separately as
contextual conditions. Its purpose should be to provide targeted support rather than to classify students into fixed
categories.

Limitations of the Study

This review has four main limitations. First, the search was limited to Scopus, Web of Science Core Collection,
ERIC, and China National Knowledge Infrastructure. Relevant studies indexed only in databases such as
ProQuest, Education Source, PsycINFO, or regional databases may therefore have been missed. Second, full
texts could not be retrieved for 22 potentially relevant reports. These reports could not undergo full-text
eligibility assessment, and some may have met the inclusion criteria if their full texts had been available. Third,
substantial conceptual and measurement heterogeneity was identified because many studies examined related
constructs such as SRL, SDL, digital readiness, digital competence, learning autonomy, technology acceptance,
learner preferences, or trust rather than PLR itself. This heterogeneity limits direct comparison across studies
and prevents the interpretation of these constructs as equivalent measures of PLR. Fourth, consistent with the
evidence-mapping purpose of this scoping review, no formal risk-of-bias assessment or effect-size synthesis was
conducted. Instead, available psychometric and measurement-quality information was extracted and compared
to characterize the strength and limitations of existing measurement approaches.

CONCLUSION

This scoping review included 24 higher education studies, only two of which directly examined personalized
learning readiness. The remaining 22 studies provided contextual evidence through related constructs such as
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digital and technological readiness, digital competence, SDL, SRL, learning autonomy, learning preferences,
technology acceptance, and trust. Overall, PLR lacks a unified definition and common measurement tool. Based
on the reviewed evidence, PLR can be understood as students’ psychological and behavioral readiness to manage
their learning, make decisions, and sustain participation in personalized learning, while related constructs should
retain their conceptual boundaries.

Across the contextual studies, more favorable learner conditions were often associated with greater technology
acceptance, engagement, autonomous learning, and better learning outcomes, although the evidence is largely
cross-sectional and context-specific. Future research should develop and validate clearly bounded PLR measures
and test their predictive value through longitudinal, intervention, and cross-cultural studies. In practice,
universities may assess readiness before implementing personalized learning and provide targeted support
accordingly.
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