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Abstract

Smart devices and intelligent technologies are enabling a smart learning environment
to effectively promote the development of personalized learning and adaptive learning,
in line with the trend of accelerating the integration of both. In this regard, we
introduce a new teaching method enabled by a smart learning environment, which is
a form of personalized adaptive learning. In order to clearly explain this approach, we
have deeply analyzed its two pillars: personalized learning and adaptive learning. The
core elements of personalized adaptive learning and its core concept are explored as
well. The elements are four: individual characteristics, individual performance, personal
development, and adaptive adjustment. And the core concept is referred to a
technology-empowered effective pedagogy which can adaptively adjust teaching
strategies timely based on real-time monitoring (enabled by smart technology)
learners’ differences and changes in individual characteristics, individual performance,
and personal development. On this basis, A framework of personalized adaptive
learning is also constructed. Besides, we further explored a recommendation model
of the personalized learning path. To be specific, personalized adaptive learning could
be constructed from the following four aspects, namely, learner profiles, competency-
based progression, personal learning, and flexible learning environments. Last, we
explored a form of learning profiles model and a generative paths recommendation
pattern of personal learning. This paper provides a clear understanding of personalized
adaptive learning and serves as an endeavor to contribute to future studies and practices.

Keywords: Smart learning environment, Data decision-making, Personalized learning,
Adaptive learning, Man-machine collaboration, Learning paths recommendation

Introduction
The modern learning environment began with the “class-based teaching system” of

Comenius. With the development of technology, technology-enhanced learning has

gradually entered classrooms and experienced four changes (Adu and Poo 2014): a) e-

learning, b) m-learning, c) u-learning, and d) s-learning (Smart Learning). Against such

background, the technology-enhanced learning environment has also evolved from an

e-learning environment to a smart learning environment (SLE). As a high-end form of

e-learning (Huang et al. 2012), SLE is built with two types of technologies: smart de-

vices technologies (such as the Internet of Things, wearable devices) and intelligent

technologies (such as learning analysis, cloud computing (Gros 2016). These two types
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of technologies enabled the smart learning environments to have features of tracking

learning process, recognizing learning scenario, awareness of physical environment, con-

necting learning communities, adaptive function, and natural interaction (Huang et al.

2013;Zhu et al. 2016), which bring learners more flexibility, effectiveness, adaptation, en-

gagement, motivation and feedback (Spector 2014). Therefore, SLE should be able to pro-

mote the development of personalized learning and adaptive learning effectively.

In fact, personalized learning and adaptive learning have always been the core goals of

an SLE. Huang et al. (2013) defined SLE as a learning place or activity venue for promot-

ing effective learning. Kinshuk mentioned that personalized learning and adaptive learning

are two kinds of effective learning that SLE mainly focuses on in an interview (Yang et al.

2015). The development of current technologies has made personalized learning increas-

ingly adaptive, adaptive learning increasingly personalized. Such a trend is much more ob-

vious in smart technology-enabled SLE. A revised teaching method, personalized adaptive

learning (PAL), will come along with this trend. The new personalized learning approach

is automatic and uses decisions based on data gathered by an automated system; it accom-

modates learning to learners’ real-time learning conditions and makes the learning con-

tent and activities meet learners’ individual characteristics and needs. In this paper, we

aim to explore the core concept of a new form of personalized learning and construct an

appropriate framework in order to provide a reference for scholars to carry out follow-up

research and educators to explore practical ways to implement personalized and adaptive

learning in the age of automated learning support systems.

Review: the development of personalized adaptive learning

The emergence of personalized adaptive learning is due to the rise of big data technology,

data is generated in more and more ways and faster and faster speed, which has spawned

Data-Intensive Science, the fourth scientific research paradigm (Hey et al. 2009). Under

the influence of data-intensive science, personalized adaptive learning has become the

fifth-generation educational technology research paradigm (Zhu and Shen 2013). Based

on big data, it has become an important part of a digital learning environment (Zhu and

Guan 2013).

In fact, the wisdom of personalized learning can be traced back to Confucius’s “teach-

ing students according to their aptitude” and Socrates’s elicitation teaching theory.

After class teaching system became popular, it once entered a long trough. With “stu-

dent-centered” becoming the core theory of teaching and learning, personalized learn-

ing has once again been sought after and has become a new goal of educational reform.

Traditional personalized learning is mostly realized through special teaching systems

and organizational forms, such as the ancient private school education (Wu 2015) and

the current optional class system. The integration of technology has spawned a new de-

velopment path: personalized learning empowered by technology.

The typical event of personalized technology-empowered personalized learning is the

appearance of Skinner’s teaching machine and program teaching theory (Wleklinski

2017). Since then, personalized learning has begun to have the characteristics of adapt-

ability. Limited by the level of technology, the initial technology-empowered personal-

ized learning, such as Computerized Adaptive Testing (CAT), is mainly based on

simple rules or standards (Weiss and Kingsbury 1984). Its essence is just to transfer a
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student to somewhere of the predetermined learning route according to his/her feed-

back information. The accuracy and flexibility of it are very low. With the development

of technology, personalized learning has gradually become more complicated. The typ-

ical representative is the Knewton platform. It differentiates and guides the continuous

personalized learning process (Green-Lerman 2015) by knowledge maps and monitor-

ing and responding to students’ activities (communication, collaboration, and game) in

real-time (Knewton 2017). But the personalized data of the Knewton platform mainly

comes from the test answer record, and there is still a certain gap with the record of

the whole process of learning (Wan and Wang 2016).

The rise of big data makes it possible to record and interpret students’ individual

characteristics and real-time state in all learning aspects. According to a briefing by the

U.S. Department of Education, the application of big data in the field of education is

mainly education data mining and learning analysis(U.S. Department of Education

2012). The collaboration of the two can promote the use of recorded learning data

more effectively in assessing learning processes, predicting future performance and

identifying potential problems (Zhu and Guan 2013). Based on this, Zhu’s research

team designed a personalized adaptive learning system with three feedback loops of

data streams (Zhu and Shen 2013), which clearly outlines the structure and mechanism

of personalized adaptive learning.

Analysis: comparing the two pillars of personalized adaptive learning

For the relationship between personalized learning, adaptive learning, and differentiated

instruction, there are two current mainstream views: a) the inclusion relation of the

former contains the latter, and b) the overlapped correlations of the three (like Venn

diagram). The analysis of their multiple definitions reveals that both cases exist.

The differences and similarities between personalized learning and adaptive learning

Personalized adaptive learning is formed by the combination of personalized learning

and adaptive learning. A variety of past definitions are shown in Table 1. The left side

of Table 1 is a list of definitions of personalized learning by the U.S. Department of

Education, the British Educational Communications and Technology Agency, and a

Chinese scholar Professor Li Kedong (the definition is recognized by many scholars in

China). Although each of those definitions has its priority, three common core ele-

ments are highlighted, namely individual differences, personal needs and personal devel-

opment (a.k.a. individual vision). These elements are confirmed by the International

Association for K-12 Online Learning (INACOL 2016), the Department of Education

and Skills (DfES 2006), Dreambox (n.d.), and the other studies by many scholars.

The first two lines on the right side of Table 1 is a list of definitions of adaptive learn-

ing by the New Media Alliance (NMC) and American Higher Education Informatiza-

tion Association (EDUCAUSE). These two definitions are consistent with the

mainstream view: regarding adaptive learning as a type of technology. This is because

adaptive learning derives from artificial intelligence and is supported by intelligent

technology. From the perspective of pedagogy, scholar John K. Waters portrayed the es-

sence of adaptive learning: teaching methods enabled by technology (the third line on

the right side of Table 1). Regardless of being as technology or teaching methods, the
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three elements are the same: individual differences, individual performance, and adap-

tive adjustment. In that sense, this revised form of personalized adaptive learning is not

new. Rather, it builds of prior attempts to make learning more individually meaningful.

The in-depth analysis of personalized learning, adaptive learning, and differentiated

instruction

Intuitively, both personalized learning and adaptive learning focus on individual differ-

ences which, mainly individual characteristics, is the purpose of differentiated instruc-

tion. The definition of the Association for Supervision and Curriculum Development

(ASCD) is the interpretation of this purpose: differentiated instruction is a kind of in-

struction that educators actively plan for the differences of students so that all students

can learn best. In a differentiated instruction classroom, teachers assign their time, re-

sources, and energy to students with different backgrounds, preparations, skill levels,

and interests to teach them effectively (ASCD 2018). According to the definition of the

US Department of Education, in the differentiated instruction, all students have the

same goal, but the teaching methods are different (U.S. Department of education, office

of educational technology 2010). It is easy to make the conclusion that both personal-

ized learning and adaptive learning contain the concept of differentiated instruction,

which in the past has been reserved for special needs students.

Furtherly, the individual differences in personalized learning include two parts: indi-

vidual characteristics and non-individual characteristics. The latter is actually one as-

pect of personal needs and personal development. According to the definition of

personal needs, the gap between the current situation and the intended state of a

learner, the difference of students needs is determined by the current state and the

Table 1 Comparison between Personalized Learning and Adaptive Learning

Personalized learning Adaptive learning

Personalized learning refers to instruction in which the
pace of learning and the instructional approach are
optimized for the needs of each learner. Learning
objectives, instructional approaches, and instructional
content (and its sequencing) may all vary based on
learner needs. In addition, learning activities are
meaningful and relevant to learners, driven by their
interests, and often self-initiated. (U.S. Department of
Education, Office of Educational Technology 2017)

Adaptive learning refers to the technologies monitoring
student progress, using data to modify instruction at
any time. (Adams Becker et al. 2017)

The pedagogy of personalising learning is learner-
centred. It is an inclusive process which challenges
those involved to meet the needs of all learners,
particularly those learners who are vulnerable or
hard to reach (BECTA 2007)

Adaptive learning technologies dynamically adjust to
the level or type of course content based on an
individual’s abilities or skill attainment, in ways that
accelerate a learner’s performance with both automated
and instructor interventions (EDUCAUSE 2016)

Personalized learning refers to a learning paradigm that
aims at promoting students’ individual development,
emphasizing that the learning process should adopt
appropriate teaching methods, techniques, content,
starting points, processes, and evaluation methods to
meet the individual characteristics and development
potential of students, so that all aspects of students
could be developed fully, freely and harmoniously
(Li 2015)

Adaptive learning strategies create a student
experience that is modified based on a student’s
performance and engagement with the course
materials. At its heart is an approach to instruction
that relies on technology and data about student
performance to adjust and respond with content and
methodologies that develop a pathway to the
student’s mastery of a particular learning objective
(Waters 2014).

Core Elements: individual differences, personal needs,
personal development (vision)

Core Elements: individual differences, individual
performance, adaptive adjustment
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intended state. The former can be part of individual characteristics, and the latter can

be attributed to personal development. In this way, the core elements of personalized

learning can be refined into two aspects: individual characteristics and personal devel-

opment. One new aspect of personalized adaptive learning is the recognition of individ-

ual learner interests and desires as relevant to education.

The above definitions of adaptive learning do not show it emphasizes the personal

development of students. Therefore, individual differences in adaptive learning are

mainly related to the differences in individual characteristics. Thus, the core elements

of adaptive learning can be modified into individual characteristics, individual perform-

ance and adaptive adjustment. Comparing the new core elements of both learning

methods, personalized learning does not mention the implementation strategies, but

adaptive learning does (adaptive adjustment). A second new aspect of personalized

adaptive learning is an emphasis on designs and implementations that in fact support

individual development.

Constructing the relational diagram among related learning methods

It can be concluded from the above, there is no limit to the number of students for per-

sonalized learning, adaptive learning, and differentiated instruction. Therefore, they are

not individualized instruction. However, the most dependent on high-end technology

of adaptive learning, it is more concerned with the specific situation of each individual

than the other two methods. In addition, from the perspective of personality, differenti-

ated instruction, focusing on the difference of individual characteristics, has the lowest

personalized level; adaptive learning comes second, it rises to the level of individual

performance; personalized learning is the highest, reaching the pursuit of personal de-

velopment. These are visually depicted in Fig. 1.

Fig. 1 Relationships among related learning methods
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Core concepts: the values of personalized adaptive learning

Combining the core elements of personalized learning and adaptive learning, the core

elements of personalized adaptive learning can also be proposed: individual character-

istics, individual performance, personal development, and adaptive adjustment. The first

three represent three personalized levels of personalized adaptive learning. The fourth

indicates that adaptive adjustments strategy of teaching to achieve these three personal-

ized levels. Like adaptive learning, this strategy is inseparable from the empowerment

of technology. Based on these four elements, personalized adaptive learning can be de-

fined as a technology-empowered effective pedagogy which can adaptively adjust teach-

ing strategies timely based on real-time monitored (enabled by smart technology)

learners’ differences and changes in individual characteristics, individual performance,

and personal development.

The assumption behind this core concept is the same as that of adaptive learning,

namely, the appropriate is the best. Because each individual is different in all aspects

and is in a state of constant change, it is necessary to personally monitor them in real

time and adjust the teaching in an adaptive manner to ensure that the teaching strategy

is always suitable for the individual student. In addition, this concept, like smart

education, needs to adhere to the view that “technology promotes education rather than

leads education” (Zhu et al. 2018). This is because, so far, few technologies were created

for teaching, and the convenience pursued by technology is not what education seeks

(Zhu and Wei 2018) which is the effectiveness of promoting human development.

Framework: the portrait of personalized adaptive learning

Based on the core elements and core concepts mentioned above, a framework of per-

sonalized adaptive learning is constructed. As shown in Fig. 2, the horizontal axis acts

as an adaptation axis to characterize the current individual performance and the verti-

cal axis is used as a personality axis to characterize the personal development. The

two-axis intersection acts as individual characteristics to represent differentiated in-

struction shared by personalized learning and adaptive learning.

Three approaches to achieve personalized adaptive learning

There are three approaches to achieve personalized adaptive learning: 1) Adjust the

teaching strategies based on the differences in individual characteristics (circular); based

on the first approach, 2) adjust the teaching strategies combined with the differences

and changes in current individual performance (horizontal ellipse); and 3) adjust the

teaching strategies combined with the differences and changed in personal development

vision (vertical ellipse). All three approaches can be implemented by adaptively adjust-

ing teaching based on data-driven decision-making. Data-driven decision-making is the

core hub of the framework.

The first approach is the upgrading of differentiated instruction strategies. The trad-

itional differentiated instruction strategies are grouping: homogeneous grouping, het-

erogeneous grouping. Stratified teaching is a representative form of the solidified and

roughly differentiated instruction. In the information technology environment, dynamic

grouping and intervention have become possible. The second approach is based on the

concept of adaptive learning. There are two main types of teaching strategies: rule-
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based or data-driven. The teaching strategy of the former is pre-predetermined accord-

ing to the decision tree, and the teaching strategy of the latter is dynamically generated

using student’s data. The third approach is for personal development vision. The main

strategy can be divided into three levels of strategies according to the granularity: pro-

gram level, course level, and task level. The program level involves institutional

changes, such as optional class system, elective system, and etc.; the course level in-

volves the planning of the learning path; and the task level involves the adaptation of

content, services, and etc. All of these three approaches can be implemented based on

the adaptive adjustment of data-based teaching decisions. Therefore, data decision

making is the core hub, see Fig. 2.

The forth approaches: adaptive adjustment instruction strategies

By using the three levels of personalized learning as the abscissa and the two types of data

decision-making as the ordinate, six parts of adaptive adjustment instruction strategies

can be divided by a two-dimensional coordinate system, a spectrum of these strategies is

depicted, see Fig. 3. The wavy line in the figure represents the forth approaches route of

personalized adaptive learning which starts from the bottom left towards the upper right.

The route is divided into three layers. They are individual characters layer, individual

performance layer, and personal development layer. Each layer consists of two phases.

The individual characters layer mainly solves the problem related to “what to learn”.

The data-driven decision-making stage of this layer focus on resources recommend.

Which mean machines recommend a resource list that matches the individual charac-

teristics of the student who needs help, or a resource list learned by the successful

learners who have similar individual characteristics with the student. The list is sorted

according to the matching degree from high to low, and students can choose their

Fig. 2 Personalized adaptive learning framework
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favorite resources to learn. The data-informed decision-making stage of this layer fo-

cuses on content design. Which means that teachers use agile design ideas to design

learning content for learners whose individual characters failed to match that of others.

The content is gradually optimized by multiple iterations and increments according to

the differences and changes of learners’ individual characteristics.

The individual performance layer addresses “how to learn” problem. The data-

driven decision-making stage at this layer mainly focuses on activities guide. Which

is to identify his/her learning pattern by analyzing students’ performance data. If

the pattern shows that the student has a problem and the problem is only an indi-

vidual phenomenon, then it can be concluded that the problem comes from the

student instead of teaching strategies. Therefore, the student’s activities need to be

adjusted. If the problem is a problem that happens to the majority, then it can be

concluded that there is a high possibility that the teaching strategies need to be

optimized. This process occurs in the stage of data-informed decision-making of

this layer.

The personal development layer addresses the issue of “how well learned” for their

personal vision. The data-driven decision-making stage of this layer predicts whether

students can complete the learning objectives ahead of time by monitoring the learning

achievements (for specific instruction, please refer to measuring to assist learning

mechanism of precision teaching), and the answer is yes, then more challenging ex-

panded tasks that meet their personal vision would be recommended. The data-

informed decision-making stage of the layer focuses on the problems that students en-

counter when they are doing challenging expanded tasks. Which is to use a centralized

tutoring method for the same problems encountered by the majority, and to provide in-

dividual tutoring methods for the problems encountered by individuals.

The new approaches route provides personalized adaptive learning services for

learners in terms of the degree of personalization, and it can be well compatible

and integrated with differentiated instruction, adaptive learning, and personalized

learning. Therefore, this route sheds a light on the path for technology developers

to achieve personalized adaptive learning based on the original informatization

achievements.

Fig. 3 The spectrum of adaptive adjustment instruction strategies based on man-machine
collaborative decision-making
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Implementation: the starting point of constructing personalized adaptive learning

For constructing personalized adaptive learning, we think the following efforts should be

made: monitoring learners’ differences and changes in individual characteristics, individ-

ual performance, personal development, and adapting teaching strategies. Which provides

a work direction of personalized adaptive learning that is extremely consistent with four

attributes of personalized learning proposed by Bill & Melinda Gates Foundation: learner

profiles, competency-based progression, personal learning, and flexible learning environ-

ments (K-12 Education Team 2014).

Learner profiles aim to portray the individual characteristics of each learner’s strengths,

preferences, motivations, etc.; competency-based progression evaluates the learner’s pro-

gress by continuously measuring the individual performance of the learner’s learning ob-

jectives; personal learning is to provide a learner with a path to personal development;

flexible learning environment as a flexible and intelligent learning environment can pro-

vide functional support for the adaptive adjustment of teaching strategies.

Among these four attributes, building a flexible learning environment is the basic prem-

ise of the others. Fortunately, since IBM released the “Smart Earth” strategy, many coun-

tries have actively taken their actions (Palmisano 2008). In the following section, learning

portrait model and paths recommendation pattern of personal learning are explored.

Learning portrait model

Learning portrait model is a learning sequence composed of learning cells, it depicts

the processes of the occurrence and development of learning. Exploring the learner’s

potential learning patterns with techniques such as educational data mining and ma-

chine learning is the key to achieving the recommendations of a personal learning path.

Currently, learning path recommendations has shifted from focusing on in individuals’

characteristics of learners, such as learning preferences and cognitive styles, to focusing

on learning process and learning patterns. Considering this issue, a new learning por-

trait model is proposed to solve the problem of the precisive recommendation of per-

sonal learning path from a new perspective.

As shown in Fig. 4, the learning portrait model includes a learning cells sequence and

a learning time sequence. The cells sequence, also called the learning pattern, is a di-

rected graph which its nodes are composed of learning cells. The time in the node of

the learning sequence represents the effective learing time spent on one learning cell

and the time on the side represents the time interval in which the learner starts a new

cell for the last one. The former time can reflect the degree of learning engagement.

The longer this time, the bigger engagement the learner has in a certain part of the

learning content. The time interval can reflect the learner’s learning motivation. The

smaller this time, the stronger the learning motivation. Therefore, the learning cell is

an important element in learning portraits. The internal structure of the learning cell is

shown in Fig. 5. The learning cell depicts the learner’s micro-learning situation, which

consists of three parts: learning content, learning activities and learning effects.

Learning content is to solve the problem of “what to learn”, and it includes materials

for learning, materials for practices and materials for creation (Anderson et al. 2001).

Based on Bloom’s taxonomy of cognitive goals, a hierarchical structure of learning con-

tent was constructed, as shown in Fig. 6.
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The materials for learning are at the lower level, that is the remembering and under-

standing level. This kind of materials includes various multimedia learning resources

related to the learning content, such as text, video and audio, animation, etc.. The ma-

terials for practices, at the level of “apply” and “analyze”, are for consolidating and in-

ternalizing learning content. It includes problem sets and tool kits, etc. Materials for

creation are used for the transfer of learning content. They are at the level of “evaluate”

and “create” and mainly include virtual experiments, simulation scenarios, cases, and

the software or hardware of design and development.

Learning activities are aimed at addressing “how to learn.” According to the activity

theory (Sun and Liu 2015). Activities can be divided into three levels hierarchy: activ-

ities, actions, and operations. The learning activity can be seen as a sequence of learning

Fig. 4 A learning portrait model

Fig. 5 The internal structure of a learning cell

Peng et al. Smart Learning Environments             (2019) 6:9 Page 10 of 14



behaviors. Due to the differences in individual characteristics such as the learner’s

learning style and knowledge level, the learning activities are also different.

Learning effects refer to the learning outcomes after the learner completes a learning

activity. For measuring the learning outcomes, fluency is used as the measurement

index instead of traditional test score (Binder 1988), it can reflect the accuracy and

speed of the learner’s test (Peng and Zhu 2017). Therefore, fluency can better represent

the learner’s true learning effect. Fluency consists of correct fluency and error fluency,

which is the correct or incorrect test score divided by the time it takes. By introducing

the test time dimension, the efficiency of fluency can be greatly improved. For example,

the learner took less time can be marked better by fluency than the one who has the

same score but took more time.

The generative paths recommendation pattern

Previous studies define learning path as the sequences of activities and concept selected

by the learners in the learning process (Kardan et al. 2014). In this study, a learning

path is defined as a learning sequence composed of learning cells. In the following sec-

tion, we will discuss the path recommendation process, the learning portrait matching

strategies, and related algorithms.

The flow of paths recommendation
The flow of paths recommendation is shown in Fig. 7. The system uses different

matching strategies to recommend a learning cells list according to the learner’s learn-

ing state, and the learner can select the most suitable one to learn according to him-

self/herself needs., and then the system measures the learning effect, then generating

the learner’s learning profile. This is a process of continuously iterative generation; It

allows the learner to have the autonomy of learning, instead of forcibly recommending

the learning content, which highlights the initiative and subjectivity of the learner.

The learning path generation recommendation model has three important features:

precision, personalization, and generativity. Precision is mainly reflected in two aspects:

1) the recommendation pattern divides learners into three categories, namely, class A

learners, class B learners, and class C learners, and adopts personalized matching

Fig. 6 The hierarchical structure of learning content
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strategies for different categories of learners; 2) the recommendation pattern matches

the learner’s learning profile to the best learner, and then recommends his/her learning

cell to the target learner. Personalization is embodied in the recommendation strategy

of learning list, that is, recommending a prioritized learning list to a learner for giving

the learner opportunity to select one of his/her favorite or most suitable learning cell.

This can fully reflect the initiative and subjectivity of the learner. Generativity refers to

the system is not to recommend a complete learning path at a time, but to recommend

one learning cell, and then next learning cell according to the learner’s updated learn-

ing portrait until a complete learning path is recommended. Generativity fits the dy-

namics of learning levels and helps to improve the accuracy of recommendations.

Diversified pattern matching

The most critical step in the learning path generative recommendation is the matching

of learning portraits. we divide learning portrait matching into three situations accord-

ing to the learner’s learning state: for class A learner matching, for class B learner

matching, and for class C learner matching.

Class A learner refers to a learner who has no or very little recorded learning data.

For this kind of learner, we should match him with the excellent learner who has suc-

cessfully learned the learning content which Class A learner will learn so that system

can recommend the matched learner’s learning cell to class A leaner.

Class B learner matching is for a learner with a certain amount of learning data.

In this situation, we suggest system math the learning cell of class B with other

successful learner’s. Recommend the most similar learning cell of a successful

learner will work.

Class C learner matching is for the learner with a large amount of learning profile

data. The system can first math the learning pattern of class C learner with other suc-

cessful learner’s. Select the next learning cell in the successful learner’s pattern to class

C learner is the optimal solution.

Fig. 7 The flow of the generative paths recommendation
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Conclusions
By interpreting SLE, we found that it has a large potential to effectively promote the devel-

opment of personalized learning and adaptive learning, accelerating the fusion of these

two learning methods (Hey et al. 2009; Zhu and Shen 2013). In this paper, the concept of

personalized adaptive learning is proposed and used as a new pedagogical approach en-

abled by SLE. Additionally, the core elements and core concepts of personalized adaptive

learning were presented through the comparative analysis between personalized learning

and adaptive learning, and a framework of personalized adaptive learning was thus con-

structed in a visualized format. Finally, personalized adaptive learning could be con-

structed with the following four aspects, that is, learner profiles, competency-based

progression, personal learning, and flexible learning environments. We hope that such re-

search could present our readers a clear understanding of personalized adaptive learning,

and provide a reference for the future relevant research and practices.
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