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Introduction
Higher education is deeply influenced by the growth of information and communica-
tion technologies (ICTs), resulting in the design and construction of smart learning 
environments (SLEs) globally for educational technology (Alajmi et al. 2020). With the 
worldwide popularity of mobile learning among learners, it is increasingly common for 
an authentic learning experience to be realized at any time and in any place (Tatar et al. 
2003). The widespread of smart devices like electronic blackboards and intelligent tutor-
ing systems with the combination of innovative online technologies like the Internet of 
things (IoT) and social networking stimulates mobile learning towards smart learning 
(Kim et al. 2011). According to Koper (2014), SLEs are “physical environments that are 
enriched with digital, context-aware, and adaptive devices to promote better and faster 
learning (p.1).”
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Given the increasing popularity of different research domains such as smart learning, 
learning analytics, and multimodal learning in educational settings (e.g., Molenaaret al. 
2020; Siemens 2019; Dawson et al. 2019; Kovanović et al. 2018; Andres et al. 2018; Sie-
mens et al. 2012; Pirahandeh and Kim 2017), as well as their close connection in practi-
cal use, it is important to clarify their differences. Learning analytics is “the collection, 
analysis, use, and appropriate dissemination of student-generated, actionable data with 
the purpose of creating appropriate cognitive, administrative, and effective support for 
learners (Slade and Prinsloo 2013, p.3).” It is typically a term used to describe multiplex 
activities that collect data out of educational contexts to be used to inform and guide the 
learning processes from which the data come (Piety 2020; Piety and Pea 2018). In this 
sense, learning analytics is mainly an analytical technique with close interaction with 
data generated during the process of teaching and learning to “understand, automate, 
and improve instruction (Behrens et al. 2018, p.230).” According to the European Lan-
guage Resources Association, multimodal technologies refer to technologies combining 
features extracted from different modalities (e.g., text, audio, and image). In educational 
contexts, multimodal learning involves the use of multimodal technologies to enhance 
learning by engaging various senses, including those from visual and auditory aspects. 
Smart learning refers to learning in interactive, intelligent, and personalized environ-
ments with the support of cutting-edge digital technologies and services (e.g., virtual 
reality, learning analytics, multimodal technologies, and artificial intelligence) (Lee et al. 
2014). Smart learning can be realized through the adoption of diverse technologies, two 
typical examples of which are learning analytics and multimodal technologies. That is, 
learning analytics and multimodal technologies are the means of creating SLEs, while 
smart learning is the purpose and result of the adoption of these two types of technolo-
gies. Smart learning is from the dimension of education innovation, and learning ana-
lytics and multimodal technologies are from the dimension of technology. This study 
focuses on smart learning per se rather than the technologies that can be adopted to 
realize smart learning.

Research on smart learning has received increasing attention from scholars, particu-
larly in educational technology, which can be seen from the growth of scientific output. 
It is of both importance and need to thoroughly mine the information to explore impor-
tant issues hidden within these outputs. There are several position papers concerning 
smart learning and its relevant topics, but they based mostly on qualitative methodolo-
gies. Hwang (2014) highlighted that SLEs should be able to detect learning status, assess 
learning performance, provide adaptive learning tasks/materials and personal support, 
restore learner profiles and learning portfolios, and determine the “value” of potential 
learning tasks, strategies, and tools. Several research issues of smart learning were also 
identified, including (1) development and implementation of SLEs, (2) interpretation 
and investigation of extant pedagogical theories for SLEs, (3) learning and assessment 
strategies for smart learning, (4) assessment of learning performance and perception, 
and (5) analysis of learning behaviors and patterns. However, potential research issues or 
dimensions concerning smart learning within the above-mentioned reviews, along with 
other relevant studies (e.g., Spector 2016), were mostly developed or hypothesized based 
on subjective understanding and judgment, rather than existing literature. In addition, 
two studies reviewed smart learning literature with the involvement of quantitative 
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methods. Specifically, Papamitsiou and Economides (2016) conducted a meta-analysis 
to synthesize research on the effectiveness of learning analytics and explore whether 
research findings on learning analytics could serve as guidance for the construction of 
SLEs. Their study indicated that computer- and web-based education were the most 
common settings where smart learning took place with the involvement of learning 
analytics. Furthermore, in the smart learning context, learning analytics was commonly 
used for the prediction of performance and student behavior modeling. In addition, 
classification and statistics were the most used methodologies in smart learning stud-
ies. Based on 47 research articles concerning smart learning from 2007 to 2014, Ha and 
Kim (2014) investigated the research trend of smart learning. The 47 articles were ana-
lyzed to explore the major fields of authors, their institutions and countries, the major 
topics, and authors’ opinions about the adoption of smart tools. Their study identified 
several trends in smart education research, for example, the popularity of smart learning 
in higher education and the wide adoption of mobile devices and personal computers. 
With the basis of 108 articles in the journal Smart Learning Environments (SLE), Chen 
et al. (2020f) presented a systematic review using bibliometrics to (1) investigate annual 
trends in the SLE articles, (2) recognize top contributors, (3) list the top SLE articles, and 
(4) uncover major research issues. Through their analyses, it was found that issues such 
as learning analytics, learning environments, learning processes, and learning perfor-
mance were commonly explored. Additional file 1: Table S1 provides a summary of pre-
vious reviews or position papers concerning smart learning. Based on the investigation 
of previous reviews, there are several deficiencies. First, in most of the recent studies 
except the study by Chen et al. (2020f ), articles being published after 2014 have not been 
quantitatively analyzed. Second, for the exploration of research topics, none of the exist-
ing reviews adopted topic modeling, which is a natural language processing technique 
that has been proven effective in topic detecting and tracking. Additionally, none of the 
current reviews investigated the evolution of research topics to demonstrate the shifting 
trend concerning research foci in smart learning.

Therefore, this study quantitatively analyzes the smart learning publications pub-
lished until the end of 2019 to thoroughly investigate the research landscape, par-
ticularly the thematic structure by using topic modeling. Topic modeling is a type of 
machine learning and dimension reduction technique for the extraction of latent top-
ics from sizable textual data (Lester et al. 2019). Bibliometrics is a statistical technique 
for assessing and quantifying the number and growing trend in a particular research 
field (Chen et  al. 2018b, 2019c;  Hao et  al.  2018). Bibliometrics and topic modeling 
have been widely implemented to evaluate academic outputs of various research fields 
(e.g., Chen et al. 2018a, 2019b). In particular, they have also been widely used for the 
evaluation of educational research fields. For example, based on 3914 articles col-
lected from Web of Science (WoS), Song et al. (2019) comprehensively analyzed the 
status, trends, and the intellectual structure of classroom dialogue research by identi-
fying top contributors and journals, as well as visualizing the scientific collaborations. 
Chen et al. (2020b)  also analyzed the publications in Computers and Education quan-
titatively in terms of research topics, author profiles, and scientific collaborations.

Specifically, this study is conducted based on the following reasons. Firstly, as smart 
learning has now developed into an active field of research with increasing scientific 
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studies, it is necessary to explore the thematic structure of this research field by using a 
rigorous machine learning technique that can analyze sizeable textual literature data auto-
matically. Secondly, this study is conducted to facilitate the understanding of what has been 
concerned and what is being concerned, as well as what might be the future of smart learn-
ing research. Such purpose is pursued by the analyses of the shifts in significant patterns of 
topical prominence and the evolving research areas. In addition, insights and implications 
related to the future research directions obtained by our analyses are insightful in facilitat-
ing scholars in terms of making decisions about what types of research topics to choose.

To that end, this study aims to analyze the smart learning publications indexed in Sco-
pus by using topic modeling and bibliometrics. It should be noted that it is an extension of 
previous research (Chen et al. 2020f) in terms of the following aspects. First, in the previ-
ous study, only publications of the journal SLE were adopted for analysis. However, in this 
study, we collected data from Scopus, the largest abstract and citation database of peer-
reviewed literature. Hence, the data analyzed in this study covered a wide range of sources 
of both types of journals and conferences. Second, in the previous study, the focus was to 
provide an overview of the SLE research in terms of article trends, major contributors, top 
influential articles, and frequently used key phrases. However, this study mainly focused on 
the thematic structure of the field of smart learning, including the major issues and their 
evolutions, as well as their distributions across top contributors. Thirdly, although the anal-
ysis of the frequently used key phrases in the previous study could partially reflect issues 
concerned by authors, such methodology was simple as compared to the topic modeling we 
used in this study, which has been proven effective and valuable in detecting research topics 
in a given field (e.g., Chen et al. 2020c). Furthermore, this study further explored the evo-
lution of research topics by using the Mann–Kendall (MK) (Mann 1945) trend test. Such 
analysis allowed us to see how the research interests concerning smart learning changed 
with time. In addition, this study also explored and visualized the scientific collaborations 
between top contributors, which was not available in the previous study. Specifically, we 
aimed to answer the following seven questions:

RQ1: What was the annual trend of smart learning publications?
RQ2: What were the most prolific publication sources, countries/regions, and 

institutions?
RQ3: What were the collaborative relations among prolific countries/regions and 

institutions?
RQ4: What were the major research topics?
RQ5: How did these topics evolve?
RQ6: What were the potential inter-topic research directions?
RQ7: What were the topic distributions of prolific countries/regions and institutions?

Materials and methods
Figure  1 depicts the framework of data collection and analysis, which includes data 
retrieval and screening, descriptive statistical analysis, topic modeling, the MK trend 
test, and hierarchical clustering.
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Data retrieval and screening

In this study, Scopus was used to retrieve smart learning publications since it features 
smart tools to track, analyze, and visualize research output in various fields such as sci-
ence, technology, and humanities (Agapiou and Lysandrou 2015; Tober 2011). On 10 
January 2020, we conducted the literature search by entering the words “smart* learn-
ing*” and “smart* classroom*.” With a further restriction to research articles and confer-
ence papers, a total of 792 publications were collected. By setting the time span ranging 
from 1989 to 2019, we obtained 782 publications. In addition, in order to ensure the 
close relevance of the analyzed articles to smart learning, we conducted manual screen-
ing to exclude irrelevant ones according to the criteria displayed in Table 1. In this way, 
555 publications remained for further analysis.

Descriptive statistical analysis

With the selected 555 publications, we first analyzed the annual trend using regression 
analysis. The top prolific publication sources, countries/regions, and institutions were 
then identified using bibliometric indicators such as the publication count, citation 

Fig. 1  Framework of data collection and analysis



Page 6 of 29Chen et al. Int J Educ Technol High Educ            (2021) 18:2 

count, Hirsch index (H-index), and average citations per article (ACP). For the citation 
information of each publication, we utilized citations provided by Scopus as counted till 
10 January 2020.

Topic analysis

The abstracts and titles of the 555 publications were used for topic modeling since it is 
commonly accepted that titles and abstracts are “suitable for conceptual reviews because 
they usually represent the noteworthy content of articles” (Chen et al. 2020b, p.4). Before 
conducting topic analysis using latent Dirichlet allocation (LDA) (Blei et al. 2003), text pre-
processing was conducted by using Natural Language Toolkit1 to improve data quality. Spe-
cifically, tokenization (Manning and Schutze 1999) was applied to divide titles and abstracts 
into word units. After tokenization, word normalization was applied to convert all capital 
letters to lowercase. Then, numbers, punctuation, symbols, and stop words were removed 
because they “appear frequently and are insufficiently specific to represent document con-
tent (Salton 1991, p.976).” After that, lemmatization was applied. Although lemmatiza-
tion and stemming are both used to reduce inflected forms and “sometimes derivationally 
related forms of a word to a common base form (Manning, Schütze, and Raghavan 2008, 
p.32),” we prefer lemmatization than stemming due to the fact that “stemming commonly 
collapses derivationally related words, whereas lemmatization commonly only collapses the 
different inflectional forms of a lemma (Manning et al. 2008, p.32).” For example, the stem 
and lemma of “organized” are “organ” and “organize.” Stemming thus often leads to difficul-
ties in the correct interpretation of word stems. We further used the term frequency-inverse 
document frequencies (TF-IDF) to exclude words of less importance. To be specific, only 
words having a TF-IDF value of not less than 0.05 were included. Secondly, 34 topic models 
were fitted with topic numbers setting as c (2:30,35,50,100,150), respectively, and ten-fold 
cross-validation was adopted for model performance evaluation. The best topic model was 
identified using the perplexity criterion (Chen et al. 2019a). Figure 2 shows the perplexity 
plots by the topic numbers across the ten-fold validation. Following the strategy used in 
Chen et al. (2018c), by averaging the ten topic numbers with the minimum perplexities, we 

Table 1  Inclusion and exclusion criteria for data screening

Inclusion criteria I1 Smart learning supported by mobile technologies, web/online technologies, flipped 
classroom, smart devices, intelligent devices, Internet of Things, cloud computing, 
ubiquitous learning, and blended learning approach

I2
I3
I4
I5
I6

Analysis of behaviors in smart learning environments
Technology use and instructional strategies in smart classrooms
Design of smart learning analytics systems
Development of smart learning frameworks and models
Design of smart classrooms and smart learning systems

Exclusion criteria E1
E2
E3
E4

Smart technologies in artificial intelligence
Not used in the education context
Courses on smart learning
The abbreviation of specific, measurable, attainable, realistic, and time-bound (SMART)

E5
E6
E7

Not focused on smart learning
Surveys or reviews
Publications without abstract

1  https​://www.nltk.org/

https://www.nltk.org/
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selected the model with 22 topics as the final, which was estimated by the Gibbs sampling 
approach.

After modeling, we counted the proportion of each topic to represent their popularities 
in smart learning research using Eq. (1), where Pk denotes the proportion of the kth topic 
with θd,k being the proportion of the kth topic in the dth publication, and D is 555.

We then calculated the proportion of the kth topic in year t using Eq. (2). Here, Yd rep-
resents the publication year of the dth publication, and Dt is the number of publications in 
year t.

We employed the MK test to examine whether each of the topics identified by the LDA 
constantly showed an increasing or decreasing trend in proportion. The MK test is a widely 
adopted nonparametric test for the detection of trends in time series data (Patakamuri et al. 
2020) with a null hypothesis (H0: no trend) and an alternate hypothesis (HA: increasing or 
decreasing monotonic trend).

For a time series  Xi = x1, x2, ..., xn , the MK test statistic  S  can be computed using 
Eq.  (3), where  n  is the number of data points,  xi  and  xj  are the data values in time 
series i and  j ( j > i ) respectively, and sign(xj − xi) is the sign function expressed as Eq. (4).

(1)Pk =
∑

d θd,k

D

(2)Pk ,t =
∑

d|Y=t θd,k

Dt

(3)S =
n−1
∑

i=1

n
∑

j=i+1

sign(xj − xi)

Fig. 2  Perplexity plots by the topic numbers across the ten-fold validation
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Statistics  S follows a normal distribution with parameters  E(S) and variance V (S) , 
shown as Eqs. (5) and (6).

The test statistic Z is then denoted by Eq. (7). If Z > 0 , it indicates an increasing trend 
and vice versa. Given a confidence level α , the sequential data is supposed to experience 
a statistically significant trend if |Z| > Z(1− α/2) , where Z(1− α/2) is the correspond-
ing value of p = α/2 following the standard normal distribution. In this study, the MK 
test was realized by using an R package trend.

In addition, with the basis of the document-topic distribution matrix, we further con-
ducted hierarchical cluster analysis using a complete-linkage agglomerative algorithm 
(Sneath and Sokal 1973) to explore how the identified topics correlated. The document-
level similarity was measured using cosine similarity. Assuming A and B are two vectors 
of attributes, the cosine similarity cos(A, B) is calculated using Eq. (8).

In topic modeling, a topic is a document distribution on a corpus. Given D documents, 
the assignment of topic k to them is represented by a vector VD = (θk ,1, θk ,2, ..., θk ,D) , 
where θk ,i is the proportion of topic k in document i . Then the document-level similarity 
between topics k and l is computed using Eq. (9).

We additionally extracted key phrases from abstracts and titles using Natural Lan-
guage Toolkit by retaining terms that were a singular noun, plural noun, singular prop-
ernoun, plural propernoun, verb of baseform, verb of pasttense, verb of gerund/present 
participle, verb of pastparticiple, present tense verb, third singular present tense verb, 
adjective, comparative adjective, and superlative adjective. For the extracted key phrases, 
we conducted analyses in two aspects. For one thing, we identified high frequency used 
key phrases based on their occurrences in the 555 smart learning publications. For 

(4)sign
�

xj − xi
�

=







−1 if
�

xj − xi
�

< 0

0 if
�

xj − xi
�

= 0

1 if
�

xj − xi
�

> 0

(5)E(S) = 0

(6)V (S) =
n(n− 1)(2n+ 5)

18

(7)Z =











S−1√
V (S)

if S > 0

0 if S = 0
S+1√
V (S)

if S < 0

(8)similarity = cos(A,B) =
A · B

||A||||B||
=

∑

Ai × Bi
√

∑

(Ai)
2 ×

√

∑

(Bi)
2

(9)cosdocument(k , l) =
∑D

i=1 θk ,i × θl,i
√

∑D
i=1 (θk ,i)

2 ×
√

∑D
i=1 (θl,i)

2
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another thing, we examined the occurrences of the top frequently used key phrases in 
three sub-periods, that is, 1997–2004, 2005–2012, and 2013–2019.

Results
Annual trend of the smart learning publications

Figure 3 visualizes the annual trend of smart learning publications during the period 
1997–2019. The annual number of smart learning publications increased dramatically 
from only one in 1997 to a total of 104 in 2019, which can also be reflected from the 
positive coefficient of the estimated equation y = 0.3752022x2—1503.079x + 1,505,351. 
The regression model has a goodness-of-fit of 0.9424, indicating that the curve fitted the 
annual trend of smart learning publications well. With the estimated equation, the future 
number of smart learning publications could be predicted. For instance, the number of 
smart learning publications for the year 2020 was predicted as 106. From the analysis of 
the annual distribution of smart learning publications, we can see that the research on 
smart learning has received a dramatic growth of interest from the academia, showing a 
flourishing and promising development trend.

Prolific publication sources

The 555 smart learning publications were distributed in 297 publication sources. 
However, only 22.89% of them had more than one publication, and the top nine 
prolific ones, as shown in Table 2, contributed to more than 28.29% of the total cor-
pus. The most prolific one was Lecture Notes in Computer Science with 34 articles 
and the highest H-index value of seven. Other prolific publication sources included 
Smart Innovation, Systems and Technologies (32 articles), ACM International Confer-
ence Proceeding Series (22 articles), and Lecture Notes in Educational Technology (22 

Fig. 3  Annual distribution of the smart learning publications
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articles). It is also worth noting that all listed publication sources were conferences 
or conference proceedings, which indicates that currently, research studies on smart 
learning were mainly published by conferences.

Prolific countries/regions and institutions

The geographic distribution of the 555 smart learning publications is shown in Fig. 4. 
Totally, 70 countries/regions showed interest in research on smart learning. How-
ever, only 20% of them had more than 10 publications, and the top 12 prolific ones, 
as shown in Table  3, contributed to more than 78% of the total corpus. China was 
the most prolific, with 107 publications and the highest H-index value of 11. Other 
prolific countries/regions included South Korea (68 articles), the USA (58 articles), 
and India (50 articles). Moreover, from an H-index perspective, the top three were the 
same as ranked by the publication count, demonstrating the significant contributions 
of China, South Korea, and the USA to the field, and their studies had a great impact 
on academia.

In total, 510 institutions have contributed to the 555 smart learning publications. 
However, only 12 of them had more than five publications, as depicted in Table 4. Tsin-
ghua University was the most prolific, with 25 publications and the highest H-index 

Table 2  Top prolific publication sources

R ranking position, A, A1, A2 publication counts for periods 1997–2019, 1997–2014, and 2015–2019, C citation count, ACP 
average citations per article, H H-index

Publication sources A C (R) ACP H (R) A1 A2

Lecture Notes in Computer Science 34 159 (2) 4.68 7 (1) 19 15

Smart Innovation, Systems and Technologies 32 103 (3) 3.22 5 (2) 0 32

ACM International Conference Proceeding Series 22 59 (7) 2.68 4 (3) 4 18

Lecture Notes in Educational Technology 22 47 (11) 2.14 4 (3) 0 22

Communications in Computer and Information Science 14 37 (14) 2.64 4 (3) 6 8

International Conference on Computers in Education 10 4 (87) 0.40 1 (30) 5 5

International Conference of Educational Innovation through Technology 8 2 (123) 0.25 1 (30) 0 8

International Conference on Advanced Learning Technologies 8 11 (42) 1.38 2 (10) 3 5

Computer-Supported Collaborative Learning Conference 7 24 (24) 3.43 3 (7) 6 1

Fig. 4  Geographical distribution of the smart learning publications
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value of nine. Other prolific institutions included University of the Andes (18 articles), 
University of Toronto (15 articles), Bradley University (14 articles), and Foundation for 
Research and Technology-Hellas (14 articles).

Scientific collaboration

The scientific collaborations among prolific countries/regions and institutions are visu-
alized in Figs. 5 and 6, respectively. The collaborative network among the 28 countries/
regions with a minimal publication count of six is displayed in Fig. 5. The USA, Canada, 
the UK, Spain, and China were the most collaborative, collaborating with ten, nine, nine, 
eight, and seven countries/regions respectively. Ecuador and Venezuela were the closest 
collaborators, followed by the USA and China.

The scientific collaborations among the top prolific institutions with a minimal publi-
cation count of three are visualized in Fig. 6. Beijing Normal University, Capital Normal 

Table 3  Top prolific countries/regions

R ranking position, C/R country/region, A, A1, A2 publication counts for periods 1997–2019, 1997–2014, and 2015–2019; C 
citation count, ACP average citations per article, H H-index

C/R A C (R) ACP H (R) A1 A2

China 107 546 (1) 5.10 11 (1) 40 67

South Korea 68 227 (3) 3.34 8 (3) 36 32

USA 58 399 (2) 6.88 10 (2) 21 37

India 50 66 (10) 1.32 4 (10) 6 44

Canada 33 183 (4) 5.55 6 (4) 15 18

Greece 19 60 (13) 3.16 6 (4) 10 9

Taiwan 18 111 (5) 6.17 5 (7) 9 9

Venezuela 18 84 (7) 4.67 6 (4) 0 18

Ecuador 16 79 (8) 4.94 5 (7) 0 16

Spain 16 63 (11) 3.94 4 (10) 5 11

U Arab Emirates 15 68 (9) 4.53 4 (10) 4 11

UK 15 89 (6) 5.93 5 (7) 4 11

Table 4  Top prolific institutions

R ranking position, C/R country/region, A, A1, A2 publication counts for periods 1997–2019, 1997–2014, and 2015–2019, C 
citation count, ACP average citations per article, H H-index

Institutions C/R A C (R) ACP H (R) A1 A2

Tsinghua University China 25 434 (1) 17.36 9 (1) 20 5

University of the Andes Venezuela 18 84 (5) 4.67 6 (2) 0 18

University of Toronto Canada 15 93 (3) 6.20 5 (4) 13 2

Bradley University USA 14 92 (4) 6.57 5 (4) 0 14

Foundation for Research and 
Technology-Hellas

Greece 14 57 (7) 4.07 6 (2) 10 4

Beijing Normal University China 13 13 (60) 1.00 2 (18) 2 11

Central China Normal University China 13 19 (50) 1.46 2 (18) 0 13

Technical University of Loja Ecuador 12 64 (6) 5.33 5 (4) 0 12

University of Crete Greece 11 45 (11) 4.09 5 (4) 9 2

Amrita Vishwa Vidyapeetham India 8 11 (69) 1.38 2 (18) 1 7

Athabasca University Canada 7 46 (10) 6.57 3 (8) 0 7

University of Hradec Kralove Czech Republic 7 23 (45) 3.29 3 (8) 3 4
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Fig. 5  Collaboration network of top prolific countries/regions (publication count >  = six)

Fig. 6  Collaboration network of top prolific institutions (publication count >  = three)
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University, and The Education University of Hong Kong were the most collaborative, 
collaborating with three, two, and two other institutions, respectively. Foundation for 
Research and Technology-Hellas and University of Crete were the closest collaborators. 
From the figures, it can be seen that countries/regions from the same continents as well 
as institutions from the same countries/regions were more likely to conduct collabora-
tive research on smart learning.

Major research topics and topic trends

Through the frequency analysis of the key words used in smart learning studies, sev-
eral important words were identified. The most frequently used word was “content 
(appearing in 97 publications, taking a proportion of 17.48%).” Other important words 
included “learner (96, 17.30%),” “user (87, 15.68%),” “university (86, 15.50%),” “framework 
(85, 15.32%),” “network (82, 14.77%),” “service (82, 14.77%),” and “mobile (81, 14.59%).” 
These words could, to a certain degree, reflect important issues concerned by the smart 
learning scholars. Table  5 lists the top frequently used key phrases. The term “smart 
classroom” was ranked the first, appearing in 231 publications. Other frequently used 
phrases included “learning analytics (29 publications),” “e-learning system (21),” “aug-
mented reality (20),” “virtual reality (18),” and “artificial intelligence (14).”

The results of the estimated 22-topic LDA are shown in Table  6, together with 
assigned labels, topic proportions, and the results of the MK trend test. Representa-
tive terms and studies for each topic are listed in Additional file  1: Tables S2 and S3. 
The five most frequently discussed topics were Mobile learning (8.26%), Blended learn-
ing for smart learning (6.64%), IoT and cloud computing (6.28%), Ecosystem and ambi-
ent intelligence (5.70%), and MOOCs (massive open online courses) and course content 
management (5.43%). First, the topic Mobile learning captures issues connected with 
smart learning in the environment based on mobile devices. The combination of smart 
devices that are potential in facilitating learning “anytime and anyplace” with innovative 
online technologies has resulted in the evolution of mobile-based learning into “smart 
learning” (Kim et  al. 2011; Traxler 2007). Second, the strategy of blended learning is 
considered promising for the inclusion of affective learning into increasingly popular 
smart learning contexts (Mikulecky 2013). Third, intelligent technologies, for example, 
cloud computing, learning analytics, big data, and IoT, have the potential to promote the 
emergence of smart education by facilitating personalized and adaptive learning (Mayer-
Schönberger and Cukier 2013; Zhu et  al. 2016). Furthermore, ambient intelligence, as 
“a digital environment that proactively, but sensibly, supports people in their daily lives 
(Augusto and McCullagh 2007, p.4),” is considered a promising technique in educational 
domains (Abrami et al. 2006; Cook et al. 2009). Examples of the applications of ambi-
ent intelligence in education include smart classrooms (Shi et al. 2003) and ClassMATE 
(Leonidis et  al. 2010). The former can facilitate collaborative learning using pervasive 
computing technologies, while the latter aims to create robustly and open ubiquitous 
computing frameworks. In addition, recently, there has been a tendency to develop the 
“next generation” MOOCs by integrating smart and intelligent learning technologies in 
MOOCs environments that facilitate rich, challenging, and productive learning experi-
ences for all.
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Table 5  Frequently used key phrases

A publication count, % proportion

Key phrases 1997–2004 2005–2012 2013–2019 1997–2019

A % A % A % A %

Smart classroom 17 80.95 54 60.67 160 35.96 231 41.62

Smart learning environment 0 0.00 5 5.62 65 14.61 70 12.61

Smart learning 0 0.00 4 4.49 60 13.48 64 11.53

Learning process 1 4.76 2 2.25 54 12.13 57 10.27

Smart device 0 0.00 3 3.37 32 7.19 35 6.31

Mobile device 0 0.00 6 6.74 26 5.84 32 5.77

Learning analytics 0 0.00 0 0.00 29 6.52 29 5.23

Learning experience 0 0.00 3 3.37 26 5.84 29 5.23

Collaborative learning 1 4.76 3 3.37 18 4.04 22 3.96

Smart education 0 0.00 1 1.12 21 4.72 22 3.96

E-learning system 1 4.76 5 5.62 15 3.37 21 3.78

Augmented reality 0 0.00 0 0.00 20 4.49 20 3.60

Information technology 0 0.00 2 2.25 18 4.04 20 3.60

Smart phone 0 0.00 3 3.37 16 3.60 19 3.42

Mobile technology 0 0.00 1 1.12 18 4.04 19 3.42

Virtual reality 0 0.00 1 1.12 17 3.82 18 3.24

Communication technology 0 0.00 5 5.62 12 2.70 17 3.06

Smart learning system 0 0.00 2 2.25 15 3.37 17 3.06

Case study 0 0.00 2 2.25 14 3.15 16 2.88

Artificial intelligence 0 0.00 2 2.25 12 2.70 14 2.52

Cloud computing 0 0.00 2 2.25 12 2.70 14 2.52

Interactive learning 0 0.00 3 3.37 11 2.47 14 2.52

Learning style 0 0.00 0 0.00 14 3.15 14 2.52

Smart technology 0 0.00 1 1.12 13 2.92 14 2.52

Smart university 0 0.00 0 0.00 14 3.15 14 2.52

Learning outcome 0 0.00 1 1.12 11 2.47 12 2.16

Ambient intelligence 0 0.00 3 3.37 8 1.80 11 1.98

Computing technology 2 9.52 0 0.00 8 1.80 10 1.80

Context-aware application 0 0.00 6 6.74 4 0.90 10 1.80

Real time 0 0.00 0 0.00 10 2.25 10 1.80

Virtual classroom 3 14.29 3 3.37 4 0.90 10 1.80

College student 1 4.76 0 0.00 8 1.80 9 1.62

Conceptual model 0 0.00 0 0.00 9 2.02 9 1.62

Flipped classroom 0 0.00 0 0.00 9 2.02 9 1.62

Intelligent classroom 1 4.76 3 3.37 5 1.12 9 1.62

Multi-agent system 2 9.52 1 1.12 6 1.35 9 1.62

Wireless network 0 0.00 2 2.25 7 1.57 9 1.62

Big data 0 0.00 0 0.00 8 1.80 8 1.44

Computer science 0 0.00 0 0.00 8 1.80 8 1.44

Context awareness 0 0.00 5 5.62 3 0.67 8 1.44

Online learning 0 0.00 0 0.00 8 1.80 8 1.44

Primary school 1 4.76 0 0.00 7 1.57 8 1.44

Wireless communication 1 4.76 3 3.37 4 0.90 8 1.44

Active learning 0 0.00 1 1.12 6 1.35 7 1.26

Adaptive learning 0 0.00 1 1.12 6 1.35 7 1.26

Cloud service 0 0.00 1 1.12 6 1.35 7 1.26

Computing device 1 4.76 0 0.00 6 1.35 7 1.26

Deep learning 0 0 0 0 7 1.57 7 1.26
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The MK test indicates that nine topics received significantly increasing attention from 
scholars who devoted to smart learning research, including Blended learning for smart 
learning, MOOCs and course content management, IoT and cloud computing, Ecosystem 
and ambient intelligence, STEM education, Affective and biometric computing, Smart 
learning analytics, Software engineering for e-learning systems, and Apps for smart learn-
ing. On the contrary, there was one topic named Smart learning for special needs edu-
cation that experienced a significantly decreasing trend in research interest. First, the 
smart learning strategy has been applied to STEM learning. Brusilovsky et  al. (2018) 
presented a general architecture for the integration of various smart contents into a sin-
gle system and proposed a grids practice system for Python learning. Second, there is a 
trend for integrating affective and biometric computing into smart learning systems for 
emotion detection to facilitate teaching and learning, for example, enhancing the inter-
action between instructor and students and promoting learning interest and motivation 
(Ammar et al. 2010; Lin et al. 2016). Third, recently, as a useful tool for improving the 
educational environment, learning analytics has been increasingly adopted to facilitate 
learning in smart classrooms (González-Eras et al. 2017). Furthermore, smart learning is 
related to software engineering, as evidenced from the statement by Uskov et al. (2018) 
that “smart education, smart classroom, and smart university innovative concepts are 
heavily based on implementation and active utilization of sophisticated smart software 
or hardware systems and smart technology on campuses and in the classrooms (p.1).” 

Table 6  Results of the STM model with 22 topics

%: topic proportion; p: significance level; ↑↑(↓↓), ↑↑↑(↓↓↓), ↑↑↑↑(↓↓↓↓): significantly increasing (decreasing) trend with 
0.01 <  = p < 0.05, 0.001 <  = p < 0.01, and p <  = 0.001

Topic label % Z p S Trend

Interactive and multimedia learning 5.38 -0.36 0.7212 -12 ↑
STEM education 3.82 2.69 0.0071 84 ↑↑↑
Attendance and attention recognition 4.15 1.65 0.0980 52 ↑
Blended learning for smart learning 6.64 3.02 0.0026 94 ↑↑↑
Affective and biometric computing 3.54 3.15 0.0016 98 ↑↑↑
Collaborative inquiry-based learning 5.09 1.52 0.1273 48 ↑
Feedback and assessment 3.61 0.94 0.3468 30 ↑
Infrastructure for smart learning 3.55 1.52 0.1273 48 ↑
Smart learning analytics 3.66 3.47 0.0005 108 ↑↑↑↑
Semantics and ontology 3.94 0.42 0.6732 14 ↑
Software engineering for e-learning systems 4.50 3.86 0.0001 120 ↑↑↑↑
Apps for smart learning 3.01 2.82 0.0048 88 ↑↑↑
Augmented and virtual reality 3.95 1.91 0.0556 60 ↑
Sensor and wireless 3.17 1.14 0.2561 36 ↑
Context-aware services 3.42 0.81 0.4173 26 ↑
Mobile learning 8.26 0.29 0.7703 10 ↑
MOOCs and course content management 5.43 3.08 0.0021 96 ↑↑↑
Smart learning for special needs education 4.81 -2.04 0.0410 -64 ↓↓
IoT and cloud computing 6.28 3.93 0.0001 122 ↑↑↑↑
Ecosystem and ambient intelligence 5.70 2.95 0.0032 92 ↑↑↑
English and language learning 4.54 1.78 0.0744 56 ↑
RFID and laser techniques 3.55 -0.49 0.6265 -16 ↓
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In addition, there is increasing interest in designing various types of apps for smart 
learning. For instance, Mahesh et al. (2016) developed a mobile app to assist institution 
authorities in controlling learners’ mobile phones, where attendance was taken automat-
ically to save time.

The annual distributions of the topic proportion for the 22 topics are displayed in 
Fig. 7, from which we are able to intuitively see what each topic experienced during the 
whole period. For example, Affective and biometric computing, Software engineering for 
e-learning systems, MOOCs and course content management, and IoT and cloud comput-
ing received constantly increasing research interest. Meanwhile, several topics showed 
decreasing research interest, particularly in recent years, for example, Collaborative 
inquiry-based learning, Context-aware services, Mobile learning, Smart learning for spe-
cial needs education, as well as RFID (radio frequency identification device) and laser 
techniques.

Topic clustering

Figure 8 visualizes the result of hierarchical clustering. From the figure, several potential 
inter-topic research directions were identified, for example, Attendance and attention 
recognition and IoT and cloud computing, Semantics and ontology and Mobile learning, 
Feedback and assessment and MOOCs and course content management, Blended learn-
ing for smart learning and Ecosystem and ambient intelligence, Software engineering for 
e-learning systems and English and language learning, as well as Interactive and multi-
media learning and Smart learning for special needs education. First, there is a potential 
research direction concerning the development of face recognition systems with the use 
of IoT and cloud computing techniques. As indicated by Qi et al. (2018), among vari-
ous IoT application scenarios, video surveillance and video analytics are commonly used 

Fig. 7  Visualization of the annual proportion of the 22 research topics
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for recognizing identities and revealing human-related attributes like gender and age, 
where face feature play a key role. Second, there is a tendency for the use of seman-
tics and ontology for designing mobile learning systems. For example, Ngwenya et  al. 
(2015) proposed a conceptual ontology-driven framework for mobile learning by taking 
into account “a knowledge base, ontology, software agents, learning resources and learn-
ing/teaching content (p.342).” Third, Feedback and assessment and MOOCs and course 
content management form a potential research direction. Recently, there is a trend in 
research on content-related feedback provision in online learning contexts (D’antoni 
et al. 2015). The aim of content-related feedback is to “build learners’ content knowledge 
and to reduce the burden of obtaining information from multiple resources (Shatnawi 
et al. 2014, p.2).” Fourth, there is a tendency for research into Blended learning for smart 
learning and Ecosystem and ambient intelligence. Ambient intelligence has become a 

Fig. 8  Visualization of the hierarchical clustering results
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characteristic of ubiquitous learning as well as an emergent technique for supporting 
daily activities. Thereby the concept of ubiquitous learning has been blended with ambi-
ent intelligence to enhance ubiquitous learning environments with optimized activities 
(Kanagarajan and Ramakrishnan 2018). Furthermore, there is a potential research direc-
tion concerning Software engineering for e-learning systems and English and language 
learning. Computer-assisted language learning takes advantage of ICTs in second lan-
guage teaching and learning. The software designed for teaching a second language can 
be customized based on learner’s needs and requirements, particularly with the use of 
smart e-learning systems, which gives an impetus to individualized instruction (Tiwari 
et al. 2011). In addition, there is a tendency for Interactive and multimedia learning and 
Smart learning for special needs education. Recently, researchers have shown interest in 
developing and investigating the effectiveness of innovative, technology-assisted learn-
ing environments to support the education of children with special needs (Cagiltay et al. 
2014).

Topic distributions of prolific countries/regions and institutions

Figure 9 depicts the topic distributions of the top prolific countries/regions and institu-
tions. From a country perspective, most of the listed countries/regions showed a bal-
anced interest in all research issues concerning smart learning, while several countries/
regions showed a particular interest in certain issues. For example, Canada was espe-
cially interested in Collaborative inquiry-based learning, while South Korea was particu-
larly enthusiastic about issues concerning Mobile learning. Additionally, the research 
enthusiasm for Smart learning analytics and Semantics and ontology on the part of Ven-
ezuela and Ecuador were worth noting.

In comparison to countries/regions, institutions listed in the figure showed more 
interest in particular issues. For instance, University of Toronto was especially produc-
tive in Collaborative inquiry-based learning and Central China Normal University was 
particularly active in Blended learning for smart learning. The research enthusiasm for 
Smart learning for special needs education on the part of Bradley University, as well as 
Ecosystem and ambient intelligence on the part of Foundation for Research and Technol-
ogy-Hellas, were worth noting.

Coupled with the results of scientific collaboration analysis, it was obvious that coun-
tries/regions from the same continents and institutions from the same countries/regions 
with similar research interests tended to collaborate more in research on smart learning. 
For example, Venezuela and Ecuador were the closest collaborators, and they had simi-
lar patterns of topic distributions, with a particular interest in issues concerning Smart 
learning analytics and Semantics and ontology. In addition, as closest collaborators, Uni-
versity of Crete and Foundation for Research and Technology-Hellas showed similar 
research interests, particularly in Ecosystem and ambient intelligence.

Discussion
Based on the 555 studies collected from the Scopus database, this study provides an 
overview of smart learning research by using topic modeling and bibliometrics. The 
trend analysis of publications indicates a growing interest in smart learning research as 
a promising area. The analysis of the publication sources indicates that smart learning 
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studies are particularly welcomed by interdisciplinary sources focusing on the connec-
tion of education and technologies. China has contributed to approximately 20% of the 
studied literature, with Tsinghua University being the most prolific institution. Scien-
tific collaboration analysis indicates that countries/regions (e.g., the USA, China, Can-
ada, and Korea) showing greater interest in international collaborations are more likely 
to develop faster. In addition, collaborations between the same regions or institutions 
are more significant. However, cross-regional/institutional collaborations may consider 
being further enhanced.

Future directions for smart learning

Our study has identified similar research topics and issues with previous review stud-
ies or position papers (i.e., Papamitsiou and Economides 2016; Hwang 2014; Chen et al. 
2020f; Ha and Kim 2014) (see Additional file 1: Table S1). These topics include (1) learn-
ing analytics as a popular data analysis methodology in smart learning studies, (2) the 
use of computers, online platforms such as MOOCs, virtual reality, and particularly 
mobile devices as learning settings to realize smart learning, (3) attention to issues con-
cerning feedback and assessment as well as dropout and attention recognition in SLEs, 

Fig. 9  Topic distributions of prolific countries/regions and institutions
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(4) the utilization of sensors, wireless, cloud computing, and RFID technologies to con-
struct SLEs, (5) smart learning as a strategy for computer science education, (6) inte-
gration of collaborative learning strategy into smart learning, and (7) smart learning in 
various educational contexts, particularly university or college education.

Additionally, this study also reveals new developments and tendencies in smart learn-
ing, which can be divided into four major themes, including technology-related topics, 
learning strategy-related topics, application domain-related topics, and learning pro-
cess-related topics. These four themes, combined with the above-mentioned topics, are 
potential directions for future research on smart learning.

Technology‑related topics

Above all, some types of technologies that have not been identified in previous reviews 
have received great attention recently and are important for the development of SLEs. In 
addition to commonly mentioned technologies such as MOOCs, virtual reality, mobile 
devices, sensor, wireless, cloud computing, and RFID technologies, as well as smart 
learning analytics, various new technologies were identified, including artificial intelli-
gence, deep learning, ambient intelligence, semantics and ontology technologies, as well 
as affective and biometric computing. The popularity of these technologies is perhaps 
a result of the technological revolution, with educational applications being increas-
ingly user-friendly. Additionally, governments have paid great attention to renew tech-
nological instruments, enabling the increasing prevalence of intelligent systems that 
incorporate various novel and advanced technologies from different fields and areas for 
educational use.

Affordances of the above-mentioned newly emerged technologies in smart learn-
ing settings have been demonstrated in the literature. The implementation of artificial 
intelligence technologies or applications for educational purposes (Chen et al. 2020d, e), 
particularly for smart learning, is probably due to the rapid advancement of computing 
technologies. Thanks to artificial intelligence technologies aiming at simulating human 
intelligence to make inferences, judgments, or predictions, computer systems can 
“provide personalized guidance, supports, or feedback to students as well as assisting 
teachers or policymakers in making decisions (Hwang et al. 2020b, p.1).” Artificial intel-
ligence technologies are being piloted in smart learning with positive effects obtained, 
for instance, using machine learning schemes and learning behavior features to forecast 
computer-mediated communication competence (Ying-You 2020), as well as a chatbot 
for administrative and learning support based on text classification and named entity 
recognition (Hien et al. 2018). It is noticeable that in addition to machine learning tech-
niques, there is an increasing trend of applying the latest technologies in the field of 
artificial intelligence, that is, those based on advanced deep learning algorithms such as 
deep neural networks (Pacheco et al. 2018), recurrent neural network (Bhat et al. 2018), 
and convolutional neural network (Zeng et al. 2019) in smart learning and teaching and 
have demonstrated positive effects, for example, learner affect detection, particularly 
when combined with affective and biometric computing technologies.

The fact the affective computing has received increasing attention among smart learn-
ing scholars is probably due to the fact that affect and cognition can have a significant 
impact on education/learning (Popescu et  al. 2018). Particularly, in the era of smart 
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classroom environments, the detection and understanding of a student’s affect during 
the learning process plays a vital role as it helps to foster the affective states that are 
beneficial to learning (Gupta et al. 2019). By using affective computing technologies, a 
student’s affective state can be identified and measured in a real-time mode, enabling 
instructors to understand the association between emotions, motivation, and learn-
ing outcomes. Currently, there is a trend of research on real-time detection of learn-
ers’ behavior and affect during different smart learning activities through the collection 
of biometric data such as heart rate, eyeball movements, galvanic skin response, facial 
expression/voice/gesture using low cost, non-intrusive sensors such as chair pressure 
sensors, heart rate sensor, and eye-trackers, and to further identify behavior and pat-
terns covered within the collected data by using artificial intelligence technologies such 
as fuzzy inference and fuzzy expert system (Hwang et al. 2020a), and particularly deep 
learning algorithms such as convolutional neural network (Gupta et  al. 2019; Zeng 
et  al. 2019) and deep belief networks (Kim et  al. 2018). Deep learning algorithms for 
multimodal fusion are also effective for emotion classification by automatically generat-
ing feature representation through the learning of the high-level dependencies of input 
dimensions (He et al. 2015). In sum, the future holds the promise of smart learning by 
combining the power and continuous breakthrough of artificial intelligence with the 
increasing use of sensor devices and advances in various fields such as ambient intelli-
gence and semantic web technologies.

Recently, increasing research studies on smarter classrooms have revolved around the 
advances in ambient intelligence and IoT, which contribute to “the enhancement of the 
traditional classroom equipment and furniture with processing power and interaction 
capabilities (e.g., intelligent desk and smart whiteboard) and the integration of emerging 
solutions in teaching and learning methods (e.g., augmented reality and virtual reality) 
(Korozi et  al. 2019, p.200).” In particular, there is a claim that the emergence of SLEs 
results from the intensive research on ambient intelligence (Mikulecky 2013), enabling 
personalized and adapted learning to be transformed from paper concepts and proto-
types to real-life scenarios through ambient intelligence (Leonidis et al. 2010). The suc-
cess of the application of ambient intelligence technologies in smart learning has been 
evidenced in the literature. For example, a novel ambient intelligence algorithm for smart 
classrooms (Kim 2019) was reported successful in providing information to instruc-
tors by measuring learner engagement in real-time. Specifically, the algorithm evalu-
ated learners’ psychological states by measuring a thermal infrared image and allowed 
instructors to offer feedback to learners while monitoring them in real-time. Ambient 
intelligence-based smart classroom model (Radosavljevic et al. 2019) has been reported 
effective in detecting a student and determining their level of fatigue based on the data 
about their previous daily academic activities.

In addition to the above technologies, the increasing prevalence of semantic web 
and ontology technologies in smart learning should also be highlighted. The semantic 
web extends the read/write Web 2.0, allowing “meaning to be assigned to content and 
the links between content, leading to the machine processability and potential benefit 
to smart teaching and learning (Pilkington and Pretorius 2019, p.449).” Semantic web 
ontology-based personalization of learning environments plays an important role in 
building smart e-learning ecosystems (Ouf et al. 2017) with positive effects reported in 
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the literature, for example, semantic wiki for providing a semantically enriched envi-
ronment to support learning (Pilkington and Pretorius 2019), a semantically enriched 
hybrid e-TextBook to act as a comprehensive interactive learning environment by pro-
viding the tools needed by teachers in smart classrooms (Ghaem Sigarchian et al. 2018), 
as well as a semantic ontology for supporting dynamic composition and collaboration in 
SLEs (Jeong et al. 2015).

Learning strategy‑related topics

From the perspective of learning strategy, as indicated by Liu et  al. (2016), SLEs are 
“open-ended, intelligent, and integrated learning space based theoretically on construc-
tivist learning theory, blended learning theory, and modern education methods (p.77).” 
Blended learning is thus in close relation to smart learning, and particularly, since the 
blended smart-learning strategy has generated a lot of positive consequences, there is an 
increase in interest in its applications in various fields and contexts of learning. Affor-
dances of blended smart-learning strategy have been evidenced in the literature, for 
example, increasing numbers of learning times and decreasing feelings about learning 
as burdensome (Ohkawa et  al. 2019), enhancing students’ acceptance toward blended 
learning, increasing perceived ease of use, perceived usefulness, and behavior intention 
(Songsangyos et al. 2016), as well as providing self-directed and personalized learning 
experience where learners choose learning content based on their own plans and inter-
ests (Zhang et al. 2017). It is thus claimed that the blended learning concept is a promis-
ing perspective for adaptive learning strategies inclusion into the increasingly prevalent 
SLEs (Mikulecky 2019). In addition to blended learning, context-awareness that is able 
to enhance human-centric, intelligent behavior in SLEs has also attracted increasing 
attention owing to the increasingly available of effective infrastructure for supporting 
context-aware applications (Qin et al. 2006; Miraoui 2018). Adaptive and context-aware 
features of SLEs are constructed to “render support to learners in such a way that learn-
ing is possible anywhere, anytime and at the learner’s convenience (Agbo and Oyelere 
2019, p.1061).” A novel context-aware architecture for a smart classroom (Paudel et al. 
2019) with the use of the convolutional three-dimensional network model and long short 
term memory network is demonstrated effective in saving energy in classroom environ-
ments. Context-aware automation of classrooms (Miraoui 2018) improved education 
quality by “automating tasks that are not directly related to the content of the courses 
and consume time and effort that would affect the smooth running of the educational 
process (p.1).” Researchers are suggested to keep up the trend of smart context-aware 
learning to instruct practice.

Application domain‑related topics

In terms of application domains, in addition to commonly known STEM education, 
the application of smart learning strategy for language education and special education 
are worth highlighting. The popularity of smart learning in language education may be 
due to its potential to integrate components of edutainment practice such as games to 
provide language learners with background knowledge, deep comprehension, and goal 
achievement, as well as enhancing learners’ information processing ability (Novik-
ova and Beskrovnaya 2015). Furthermore, in smart language learning, instructors and 
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instructional elements are factors to positively assist students in completing learning 
tasks, while students, as well as their learning autonomy and psychological activities, 
become the focus of instruction (Wang and Liu 2019). In addition, the implementa-
tion of smart classrooms is promising for learners with “disabilities in general and more 
specifically students with learning disabilities, speech and language impairments, visual 
impairments, and hearing impairments (Bakken et  al. 2016, p.21).” Smart classrooms 
have the potential to help them overcome their weaknesses in learning and self-organi-
zation. Thus, smart learning systems are becoming increasingly popular to help learners 
with disabilities by allowing them to access content and learn more effectively and effi-
ciently (Bakken et al. 2019).

Learning process‑related topics

In addition to the above directions, research on the interaction and communication 
in SLEs is receiving popularity. The deep integration of ICTs into smart classrooms 
has exerted an increasingly significant impact on teacher-student interactions. SLEs 
equipped with mobile devices and digital learning resources can support diverse interac-
tions (Wang et al. 2019), particularly in real-time interactive mode. A range of tools and 
applications have been developed to support interaction and communication between 
instructors and learners as well as between learners in SLEs, with positive effects dem-
onstrated. For example, an interactive audience response system (ARS) in an integrated 
smart classroom proposed by Dai (2019) could dramatically enhance learners’ autono-
mous learning, collaborative communication, and innovative thinking.

Limitations

Limitations exist in this study. Firstly, we only used Scopus to collect data, and it does 
not include all academic publications. Thus, publications from other databases such 
as WoS might not have been included. Secondly, the latest publications that have been 
accepted but have not been indexed in Scopus were ignored. Nevertheless, such limita-
tions are unlikely to affect the patterns and trends identified in this study. Furthermore, 
in data retrieval, we only used “smart* learning*” and “smart* classroom*” as search 
terms. Although using precise search terms may lead to a narrower dataset, the topic 
modeling results showed that our dataset is acceptable as all major issues in the field 
of smart learning are covered. By comparison, we conducted a pilot study and used an 
extended list of search terms for data retrieval. All potential technologies that can be 
used for achieving smart learning were considered, including “smart* learning*,” “smart* 
classroom*,” “learning analytics,” “multimodal technolog*,” “education data mining,” 
“augmented reality,” “virtual reality,” “artificial intelligence,” “machine learning,” and 
“ambient intelligence.” This resulted in a huge dataset with over forty thousand publica-
tions. We did a random examination and noticed that the data included much noise. 
Many papers mentioned learning analytics, multimodal technologies, education data 
mining, artificial intelligence, augmented reality, and ambient intelligence but were not 
related to smart learning. Handling such a huge and noisy dataset is very demanding 
and time-consuming. Thus, we decided to use more precise search terms (i.e., “smart* 
learning*” and “smart* classroom*”), focusing on the realization of smart learning rather 
than the potential techniques that may be involved. Many previous review studies also 
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adopted a similar strategy in data search. For example, in the review by Xie et al. (2019) 
about personalized/adaptive learning, they used search terms “personalized learning” 
and “adaptive learning.” In the study by Chang et al. (2018) on mobile/ubiquitous learn-
ing, only “mobile learning” and “ubiquitous learning” were used to search for data. Par-
ticularly, it is worth mentioning that such strategy was also adopted by reviews related 
to smart learning, i.e., the use of “smart learning environment” in the study by Klimova 
(2016) as well as “smart learning” and “smart classroom” in the study by Papamitsiou and 
Economides (2016).

As for the analyzing methodologies that have been proven effective in investigating 
meaningful topics hidden within smart learning studies as well as their correlations and 
development trends, this study did not make comparisons about different types of topic 
models. In future work, it would be interesting and valuable to conduct comparisons of 
different topic models in the identification of predominant topics and issues in a particu-
lar research field.

Conclusion, significance, and implications
The world is now changing the way of higher education from the traditional way to smart 
learning. To detect the research topics and their dynamics in smart learning, this paper 
conducts analyses on 555 smart learning publications using topic modeling and biblio-
metrics. The distribution of the annual number of smart learning publications reflects a 
dramatically increasing interest that this research field has received. Such active research 
on smart learning presents an indication of a promising future development trend. 
Interdisciplinary journals focusing on the connection between education and technol-
ogy are active in smart learning research. China and Tsinghua University were the most 
productive country and institution in the publication of smart learning research. Inter-
national collaborations can contribute to better scientific performance. Phrases such as 
“smart classroom,” “learning process,” “smart device,” “mobile device,” and “learning ana-
lytics” are commonly used and mentioned in smart learning publications. Predominant 
research topics include Mobile learning, Blended learning for smart learning, IoT and 
cloud computing, Ecosystem and ambient intelligence, and MOOCs and course content 
management. Nine topics, including STEM education, Blended learning for smart learn-
ing, Affective and biometric computing, Smart learning analytics, Software engineering for 
e-learning systems, Apps for smart learning, MOOCs and course content management, 
IoT and cloud computing, as well as Ecosystem and ambient intelligence, have received 
significantly increasing attention from scholars devoted to smart learning.

The contributions of this study to the smart learning research community can be 
summarized as follows. Firstly, this study helps scholars, policymakers, and practi-
tioners develop a better understanding of the past, present, and future academic 
structure of smart learning. Secondly, bibliometrically speaking, as indicated in the 
literature (e.g., Song et  al. 2019), performance analysis concerning top institutions 
and countries/regions can “help people identify influential actors in the research area 
from whom they may learn (Hao et al. 2020, p.1336).” Hence, the results of major con-
tributors in smart learning research are helpful for scholars to recognize potential 
institutions and countries/regions to share smart learning research experience. Fur-
thermore, results of top institutions and countries/regions, combined with findings 
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from scientific collaboration analysis, can help scholars identify potential collabora-
tors to explore scientific collaborations on smart learning research. In addition, as for 
topic distributions of the top countries/regions and institutions, not only does such 
analysis reveals their research strength by showing topics that are productive in and 
devoted to the field, but also by further combining results of scientific collaborations, 
it reveals that countries or institutions “with similar research interests were more 
inclined to conduct collaborative research (Chen and Xie 2020, p.21).” Hence, in line 
with previous bibliometric literature (e.g., Chen et al. 2020b), such results are help-
ful for facilitating scientific collaborations by incorporating “the strengths of differ-
ent research units or disciplines to overcome challenges and advance the whole field 
(Chen et al. 2020a, p.19)” of smart learning.

Findings concerning topic modeling and key phrases analysis bring potentially 
informative implications, which are helpful for scholars in capturing the core of smart 
learning research to further enhance decision making about what issues to investi-
gate. Above all, technologies have permeated smart learning, and the development 
and application of technologies for supporting smart learning will remain an active 
field of research. Thus, attention should reach beyond computer/web-based technolo-
gies to keep up with the application and incorporation of different latest technologies 
(e.g., virtual reality, mobile devices, RFID technologies, cloud computing, affective 
and biometric computing technologies, ambient intelligence, learning analytics, arti-
ficial intelligence, and particularly deep learning algorithms) to make learning more 
effective and smart. Attention should also be paid to how technologies can be inte-
grated into smart classrooms to facilitate various aspects of teaching and learning, 
for example, feedback and assessment, dropout and attention recognition, learning 
style mining, and critical thinking development. It is necessary to provide support 
to instructors about how to use new technologies and to help them investigate tech-
nology functionality affordances concerning smart teaching and learning, particu-
larly about how to best integrate various strategies such as collaborative learning, 
blended learning, and context-aware learning in SLEs. Moreover, STEM education is 
more affordable with technological use in smart classrooms and has received great 
attention. However, the investigation into the potential of smart learning in other 
subjects or contexts such as language and special education are also needed. In addi-
tion, attention should reach beyond knowledge-transference to how to best transfer 
knowledge through effective interaction and communication during smart learning 
with the deep integration of ICTs such as ARS and multimedia. With the continuing 
technological advances, it may be impossible to promote the in-depth development 
of smart learning depending solely on educators. Close collaboration between schol-
ars from different fields is essential to allow technological innovations to fully fill the 
needs and overcome the challenges in smart learning.
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