Journal of Science Education and Technology (2025) 34:737-756
https://doi.org/10.1007/510956-025-10204-5

=

Check for
updates

The Impacts of Intelligent Feedback on Learning Achievements
and Learning Perceptions in Inquiry-Based Science Learning:
A Meta-Analysis of Studies from 2013 to 2023

Langin Zheng' - Zhe Shi' - Zhixiong Fu' - Shuqi Liu’

Accepted: 1 February 2025 / Published online: 18 February 2025
© The Author(s), under exclusive licence to Springer Nature B.V. 2025

Abstract

In recent years, in the era of digital intelligence, intelligent feedback has received increasing attention. However, few stud-
ies have explored the impacts of intelligent feedback on learning achievements and learning perceptions in inquiry-based
science learning. To address these research gaps, this study examined the overall impacts of intelligent feedback on learning
achievements and learning perceptions on the basis of a meta-analysis of studies conducted from 2013 to 2023. In total, 42
articles featuring 4554 participants were included in and analyzed as part of this study. The results revealed that intelligent
feedback had moderate impacts on learning achievements and learning perceptions. In addition, sample level, feedback
technique, feedback timing, and control over feedback significantly moderated the effects of intelligent feedback in this
context, as revealed by an analysis of 14 moderators. The findings of this research, alongside its practical and theoretical

implications, are discussed in depth.
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Introduction

Recently, intelligent feedback has received increasing atten-
tion, and researchers have increasingly applied intelligent
feedback in the field of education. Intelligent feedback can
help track learning trajectories (Tacoma et al., 2020), rec-
tify learners’ errors (Fossati et al., 2015), and facilitate deep
comprehension of the subject matter (Yang et al., 2023).
Intelligent feedback has positive impacts on students’ learn-
ing achievements, attitudes, engagement, and higher-order
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thinking skills (Fernandez-Aleman et al., 2016; Liu et al.,
2020).

Prior studies have investigated how inquiry-based science
learning can be notably enhanced by intelligent feedback
(Wang et al., 2023; Wongwatkit et al., 2017). Some stud-
ies have reported that intelligent feedback can help improve
students’ learning achievements (Afzaal et al., 2024) and
learning perceptions (Drissi et al., 2024). Other studies have
reported that intelligent feedback is not helpful with respect
to learning achievements (Schmidt et al., 2018) or even
harmful to learning perceptions (Sun et al., 2019). Therefore,
previous studies have presented contradictory results, and
the impacts of intelligent feedback require clarification. In
addition, comprehensive meta-analyses of intelligent feed-
back in inquiry-based science learning remain lacking.

Meta-analysis can synthesize previous findings with the
goals of identifying the total effect size among multiple stud-
ies (Borenstein et al., 2011) and helping mitigate potential
biases (Kates et al., 2018). Moreover, meta-analyses yield
results that exhibit stronger statistical power, higher levels
of external validity, and broader generalizability than do
the results of individual studies (Konstantopoulos, 2008).
In addition, the analysis of moderating variables can facili-
tate the examination of the relationships between moderators
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and learning outcomes (Chen et al., 2018). The current
study focuses on a thorough meta-analysis of research on
this topic with the goal of investigating the impacts of intel-
ligent feedback on both learning achievements and learning
perceptions in inquiry-based science learning. The current
meta-analysis thus helps elucidate the role and effective-
ness of intelligent feedback with respect to both learning
achievements and learning perceptions in inquiry-based sci-
ence learning. This meta-analysis also provides insights into
the various moderators that shape the impacts of intelligent
feedback in inquiry-based science learning.

In this study, intelligent feedback is defined as the use
of artificial intelligence technologies to track learners’
behaviors, interpret learners’ natural language responses,
and provide appropriate prompts and guidance in the form
of feedback information. In the current study, learning per-
ception is conceptualized in terms of students’ experiences
with inquiry-based science learning, such as their learning
attitudes, learning stratification, and self-efficacy. Learning
achievements are assessed on the basis of standardized tests
designed by educators or researchers to evaluate students’
knowledge and skills (Sung et al., 2015).

Literature Review
Inquiry-based learning

In recent years, inquiry-based learning has become the focus
of research in the field of education (Kurtén & Henriksson,
2021). Inquiry-based learning has been defined in terms of
a variety of instructional methods that can promote learn-
ing through student-centered investigations of questions
and problem-solving (Aditomo et al., 2013). Inquiry-based
learning is a student-driven learning method that emphasizes
practice, inquiry, and innovation (Kamarudin et al., 2024;
Ronnebeck et al., 2016). Inquiry-based learning enables stu-
dents to draw themes from various subject areas or real life,
actively collect and process information, communicate with
their peers, and learn by doing with the goals of acquiring
knowledge, improving abilities, and developing a creative
spirit (Bevins & Price, 2016; Lazonder & Harmsen, 2016).
Typically, inquiry-based learning includes four stages,
namely, orientation, conceptualization, investigation, and
conclusion (Pedaste et al., 2015).

Inquiry-based learning is rooted in constructivism learn-
ing theory and discovery learning theory. Constructivism
learning theory emphasizes learners’ active construction and
dynamic generation of knowledge (Andrini, 2016). Discov-
ery learning theory posits that learners acquire knowledge
through their own inquiry and discovery (Balim, 2009). Fur-
thermore, previous studies have proposed different inquiry-
based learning models. For instance, Bybee et al. (2006)
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introduced a SE inquiry-based learning cycle model consist-
ing of five phases, namely, engagement, exploration, expla-
nation, elaboration, and evaluation. Chen (2022) introduced
a POED (predict-observe-explain-demonstrate) model in the
context of scientific inquiry learning, which is an extension
of the POE model and provides a new perspective for sci-
ence educators.

Inquiry-based learning has been widely used in science
education and achieved positive results. For instance, Raz-
zaq et al. (2020) applied inquiry-based learning to math-
ematics and reported that this approach improved high
school students’ mathematics learning performance and
learning motivation. Rodriguez-Martinez et al. (2023) used
an intelligent agent system to guide learners’ inquiry-based
science learning, thereby improving their learning achieve-
ments and attitudes. Although various kinds of technolo-
gies can help promote inquiry-based learning, only limited
research has investigated the overall effects of intelligent
feedback on inquiry-based science learning achievements
and perceptions.

Intelligent Feedback

Intelligent feedback is a type of feedback that is generated
with the aid of natural language processing technology
(Golonka et al., 2014). Intelligent feedback focuses on using
advanced technologies such as artificial intelligence technol-
ogy to provide information regarding one’s understanding
or performance (Biswas & Bhattacharya, 2024; Hattie &
Timperley, 2007). The benefits of intelligent feedback lie in
its ability to provide customized feedback and suggestions
after processing and analyzing a large amount of data (Yang
et al., 2024). Intelligent feedback can improve learning effi-
ciency and effectiveness more than can traditional manual
feedback (Sun et al., 2019). Intelligent feedback has also
been reported to be helpful with regard to enhancing learn-
ing engagement. For instance, Sun et al. (2019) reported that
the combined use of intelligent encouragement and warning
feedback can improve students’ interest and engagement.
Intelligent feedback has been widely used in inquiry-
based science learning. For instance, Chou et al. (2022)
applied intelligent feedback in the context of physics
inquiry-based learning by providing students with corrective
feedback and reported that intelligent feedback can signifi-
cantly improve students’ learning achievements. Fang et al.
(2023) provided students with a self-regulated learning sys-
tem involving intelligent feedback in the context of science,
technology, engineering, and mathematics (STEM) educa-
tion and reported that intelligent feedback can significantly
improve their STEM skills. Drissi et al. (2024) examined
the effects of intelligent feedback on students’ learning out-
comes and reported that intelligent feedback can improve
students’ learning motivation and learning achievements.
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Nevertheless, studies on the comprehensive effects of
intelligent feedback on learning achievements and learning
perceptions remain scarce.

Previous Reviews and Meta-Analyses

Various descriptions of efforts to adopt inquiry-based
learning have been provided by previous reviews and meta-
analyses. For instance, Pedaste et al. (2015) conducted a
literature review with the goal of summarizing the core
characteristics of inquiry-based learning and identified five
inquiry phases. Lazonder and Harmsen (2016) used a meta-
analytical approach to examine the effectiveness of guidance
in inquiry-based learning and reported that guidance has
significant positive impacts on inquiry-based learning activi-
ties, performance success, and learning outcomes. Herranen
and Aksela (2019) systematically reviewed students’ ques-
tions in the context of inquiry-based learning and proposed
an inquiry model based on these questions. Liu et al. (2021)
conducted a systematic literature review of 31 empirical
studies with the goal of investigating mobile technology-
supported inquiry-based learning, revealing that most such
studies have focused on open and guided inquiry. Urdanivia
Alarcon et al. (2023) systematically reviewed the literature
on inquiry-based learning and teaching and concluded that
teachers must master various strategies that can be used to
implement open inquiry-based learning. Vo and Simmie
(2024) examined scientific inquiry assessment trends and
techniques on the basis of a review of studies conducted
from 2000 to 2024 and reported that performance assess-
ments and independent tests have been the most frequently
used methods in this context.

In addition, previous studies have focused mainly on
adaptive feedback, automatic feedback, and personalized
feedback. For instance, Bimba et al. (2017) reviewed adap-
tive feedback in computer-based learning environments and
divided feedback implementations into different categories.
Deeva et al. (2021) reviewed 109 automated feedback sys-
tems and developed a new classification framework for auto-
matic feedback systems. Cavalcanti et al. (2021) reviewed
automatic feedback in online learning environments and
reported that automatic feedback can improve student per-
formance. Maier and Klotz (2022) revealed that most studies
on this topic have provided personalized feedback on the
basis of students’ behavioral data and present knowledge
levels on the basis of a review of 39 studies. However, very
few studies have conducted systematic meta-analyses of
intelligent feedback in inquiry-based science learning.

Research Gaps

Although previous studies have analyzed and evaluated
various techniques for providing intelligent feedback

(Rodriguez-Martinez et al., 2023; Song and Kim, 2021;
Zacharia, 2015), these studies have exhibited several short-
comings. First, systematic meta-analyses that contain com-
prehensive examinations of the impacts of intelligent feed-
back on learning achievements in inquiry-based science
learning from 2013 to 2023 remain lacking. Second, system-
atic meta-analyses of the overall impact of intelligent feed-
back on learning perceptions in the context of inquiry-based
learning from 2013 to 2023 remain scarce. Third, studies
regarding the influence of different moderators on the effects
of intelligent feedback in the context of inquiry-based learn-
ing remain lacking. Finally, studies concerning how intel-
ligent feedback can be integrated into inquiry-based learning
with the goal of maximizing learning performance have been
very limited. The present study was designed to bridge these
research gaps and address the following research questions
on the basis of a systematic meta-analysis:

RQ1: What are the comprehensive impacts of intelligent
feedback on both learning achievements and learning per-
ceptions in inquiry-based science learning?

RQ2: How do diverse moderating variables influence the
efficacy of intelligent feedback in inquiry-based science
learning?

Methodology

The present study was performed on the basis of the pre-
ferred reporting items for systematic reviews and meta-
analyses (PRISMA) specification and statement (Page et al.,
2021). The following section describes the data sources,
screening criteria, coding scheme, and method for calculat-
ing effect sizes used in this research.

Data Sources

The data used in this study were obtained from high-quality
databases, including Scopus, Web of Science, Eric, and
Google Scholar. Three groups of keywords were used in
the searches: (1) keywords related to inquiry-based learning,
including “inquiry-based learning,” “inquiry experiments,”
“science inquiry,” “science inquiry learning,” and “educa-
tional inquiry experiments”; (2) keywords related to intel-
ligent feedback, including “automatic feedback,” “intelligent
feedback,” “intelligent feedback tools,” and “intelligent
feedback technology”; and (3) keywords related to learning
achievements and learning perceptions, including “learning
achievement,” “learning outcome,” “achievement,” “out-
come,” “learning performance,” “academic achievement,”
“academic performance,” “learning perception,” percep-
tion, “learning experiences,” “learning attitude,” “learning
motivation,” and satisfaction. The Boolean operator “AND”
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was used to combine several groups of keywords, whereas
the operator “OR” was employed to connect several sets of
keywords.

Screening Criteria

In line with the PRISMA screening process and the corre-
sponding criteria, the first round of the search yielded 8947
journal articles from the Web of Science, 7822 articles
from Scopus, 198 articles from Eric, and 2980 articles from
Google Scholar; these articles were published from 2013
to 2023. The inclusion and exclusion criteria used in this
research are as follows.

1. Only journal articles published in English were included.
News, conference papers, book reviews, editorials, and
abstracts were excluded.

2. The research topic of the articles were required to be
related to inquiry-based science learning and intelligent
feedback.

3. The studies were required to apply intelligent feedback
technology to the task of facilitating inquiry-based sci-
ence learning.

4. The articles were required to report empirical studies
that included both control and experimental groups, in
which context the experimental group received an inter-

vention involving intelligent feedback, while the control
group received conventional methods that lacked intel-
ligent feedback.

5. The studies were required to include both pretests and
posttests and to report the learning achievements and
learning perceptions of both the experimental and con-
trol groups.

6. The articles were required to provide complete data that
could be used to estimate the effect size, such as means,
standard deviation, ¢ values or p values, as well as the
number of participants.

On the basis of these screening criteria, 3531 non-Eng-
lish articles, 6108 nonjournal articles, and 1562 duplicate
articles were excluded. Among the remaining articles, the
research topics of 6963 articles were irrelevant to intelli-
gent feedback. In total, 1014 articles did not include both
experimental and control groups. Furthermore, a total of
460 articles did not involve empirical studies. A total of
94 articles did not report the number of participants. In
total, 173 articles did not report complete data that could
be used to calculate effect sizes. Finally, 42 articles that
featured 4554 participants were included in the current
study, as illustrated in Fig. 1. The Appendix presents a list
of the 42 articles thus selected.

Fig.1 Search processes and
results

[ Identification of studies via databases and registers J

searching:

Eric (n=198)

Records identified from database

Web of science (n=8947)
Scopus (n=7822)

Google Scholar (n=2980)

Records removed before screening:
Duplicate records removed (n =1562)
non-English articles (n=3531)
non-journal articles (n=6108)

\ 4

Records excluded:

Records screened (n =8746)

Studies do not apply intelligent feedback (n =6963)
Non-empirical articles (n =460)

Lack of experiment groups and control groups
(n=1014)

v

Lack of the numbers of participants (n=94)

(n=215)

Reports assessed for eligibility

\ 4

Lack of sufficient statistical information (n=173)

(n=42)

Reports of included studies
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Coding Scheme

To examine the impacts of intelligent feedback on learning
achievements and learning perceptions in inquiry-based sci-
ence learning, a specific coding scheme was adapted from
Zheng et al. (2023) and Deeva et al. (2021). The coding
scheme included 14 moderators (see Table 1). The five meth-
odological moderators included sample level, sample size,
research design, learning settings, and types of organiza-
tion. The nine substantive feature moderators included the
type of feedback, feedback timing, feedback techniques, the
adaptability of feedback, feedback generation models, the
data sources used to provide feedback, technical ways of
providing feedback, control over feedback, and the purpose
of the feedback. We selected these moderators for several
reasons. First, previous studies have reported that sample
level (Fleckenstein et al., 2023), sample size (Jongsma et al.,
2023), research design (Lv et al., 2021), learning setting (Cai
et al., 2023), and type of organization (Jongsma et al., 2023)
impact the effectiveness of feedback. Second, the types of
feedback (Cen & Zheng, 2024), feedback timing (Cornide-
Reyes et al., 2020), feedback techniques (Liao et al., 2024),
adaptability of feedback (Cai et al., 2023), feedback gen-
eration models (Deeva et al., 2021), data sources used to
provide feedback (Shi & Aryadoust, 2024), technical ways
of providing feedback (Deeva et al., 2021), control over feed-
back (Deeva et al., 2021), and the purpose of the feedback
(Cavalcanti et al., 2021) have been shown to influence the
efficacy of such feedback. Therefore, these 14 moderators
are crucial and necessary for this attempt to understand and
examine the impacts of intelligent feedback on learning
achievements and learning perceptions. Furthermore, all
42 articles included in this research were analyzed inde-
pendently by two coders. Divergence was resolved through
face-to-face discussions. The interrater reliability, which was
calculated via the kappa value, achieved a value of 0.865,
thus indicating a high degree of reliability.

Effect Size Calculation

The effect size is an indicator that measures the size of the
experimental effect, and commonly used measures of effect
size include Cohen’s d and Hedges’ g (Borenstein et al.,
2011). This study strictly followed the five steps proposed by
Borenstein et al. (2011) to measure the effect sizes accurately
by reference to Hedges’ g. The first step involved computing
the effect size for each study. In the second step, Hedges’ g
method was used to compute the total weighted effect size.
In the third step, the confidence interval of the average effect
size was determined with the help of the random effects
model. In the fourth step, the O value was used to explore
the influence of various moderators on the effect size. In the
fifth step, Rosenthal’s fail-safe N method (Rosenthal, 1979)

and Orwin’s fail-safe N method (Orwin, 1983) were used to
test publication bias. If the fail-safe N value is greater than
5 k+ 10 (where k refers to the number of studies), unpub-
lished studies have little effect on the effect size.

Results
Descriptive Information

Table 2 presents descriptive information regarding the 42
selected articles. The findings revealed that higher educa-
tion accounted for the highest percentage among the four
sample levels. Furthermore, most of the studies selected
51-100 participants to test the effects of intelligent feedback
in inquiry-based learning. Most of the studies used quasi-
experimental designs to test the effects of intelligent feed-
back. Blended learning or flipped classroom learning set-
tings were investigated in most studies. Most of the studies
implemented intelligent feedback interventions at the indi-
vidual level. In terms of the types of feedback, mixed types
of feedback were the most prevalent, and the feedback often
included multiple pieces of information. With respect to
feedback timing, most studies provided real-time feedback to
learners. With respect to feedback techniques, most studies
implemented intelligent feedback via online inquiry-based
learning platforms. The dominance of student adaptation in
terms of adaptability of feedback suggested that practitioners
were more inclined to consider student adaptations in the
process of generating feedback. In addition, most feedback
systems focused on data-driven feedback and relied more
heavily on students’ behavioral data to generate feedback.
Feedback systems more frequently took the form of plug-ins
for learning platforms or other tools. Furthermore, a lack
of feedback control on the part of learners was often pre-
sent in these studies; that is, the learners did not have many
choices regarding the ways in which feedback was received
or selected. Moreover, feedback serves multiple purposes,
such as providing evaluations, advice or guidance to learners
or motivating them. The appendix presents the 42 articles
selected for this research.

RQ1: Overall Sizes of the Effects on Learning
Achievements and Learning Perceptions

According to the merged effect sizes pertaining to the ran-
dom effects model (as presented in Table 3), the overall
effect of intelligent feedback on learning achievements
reached 0.706, thus indicating a positive and substantial
impact. The 95% confidence interval was 0.536-0.875. The
heterogeneity test results revealed heterogeneity in terms
of the effect size (Q,,, =336.702, z=8.159, p <0.001).
Therefore, this study revealed that intelligent feedback in
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Table 1 Coding scheme Variables Category

Sample levels . Elementary school

. Junior and senior high school
. Higher education

. Mixed

1-50

.51-100

. More than 100

. True experimental design

Sample size

Research design
. Quasiexperimental design
Learning settings . Laboratory

. Classroom

. Distance/online learning settings
. Blended/flipped classroom

. Outdoor

Types of organization used in the treatment . Individual
. Group
Types of feedback . Corrective feedback

. Suggestive feedback

. Informative feedback

. Motivational feedback
. Mixed

. Real-time feedback

. Delayed feedback

. Mixed

. Online inquiry learning platform

Feedback timing

Feedback technique

D= W= bk W N~ N = kR WD =N = W= WD~

. Intelligent agent system or artificial intelli-
gence (Al) technology

. Augmented reality (AR) or virtual reality (VR)
. Mobile software

. Mixed

Adaptability of feedback . Student-adaptive
. Nonadaptive
Feedback generation model . Data-driven

. Expert-driven
. Mixed

Data source used to provide feedback . Learning achievements
. Behavior data

. Mixed

Technical ways of providing feedback . Standalone
. Plug-in
Control of feedback . Lack of control over feedback

. Moderate control over feedback
. Strong control over feedback
Purpose of feedback . Provide evaluation results

. Provide advice and guidance

. Provide recommendations

. Stimulate learning motivation and enthusiasm

. Mixed

N R W N = W = N = WK = W ~DND=~Ww b~ W
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Table 2 Categories and proportions of the 42 articles included in this research
Variable Category No. of studies Proportion
of studies
Sample levels 1. Elementary school 13 0.31
2. Junior and senior high school 12 0.29
3. Higher education 16 0.38
4. Mixed 1 0.02
Sample size 1. 1-50 6 0.14
2.51-100 21 0.50
3. More than 100 15 0.36
Research design 1. True experimental design 6 0.14
2. Quasi-experimental design 36 0.86
Learning settings 1. Laboratory 6 0.14
2. Classroom 13 0.31
3. Distance/online learning settings 6 0.14
4. Blended/flipped classroom 16 0.38
5. Outdoor 1 0.02
Types of organization used in the treatment 1. Individual 33 0.79
2. Group 9 0.21
Types of feedback 1. Corrective feedback 4 0.10
2. Suggestive feedback 3 0.07
3. Informative feedback 9 0.21
4. Motivational feedback 3 0.07
5. Mixed 23 0.55
Feedback timing 1. Real-time feedback 37 0.88
2. Delayed feedback 2 0.05
3. Mixed 3 0.07
Feedback technique 1. Online inquiry learning platform 28 0.67
2. Intelligent agent system or artificial intelligence (AI) 4 0.10
technology
3. Augmented reality (AR) or virtual reality (VR) 5 0.12
4. Mobile software 1 0.02
5. Mixed 4 0.10
Adaptability of feedback 1. Student-adaptive 30 0.71
2. Nonadaptive 12 0.29
Feedback generation model 1. Data-driven 37 0.88
2. Expert-driven 1 0.02
3. Mixed 4 0.10
Data source used to provide feedback 1. Learning achievements 15 0.36
2. Behavior data 17 0.40
3. Mixed 10 0.24
Technical ways of providing feedback 1. Standalone 6 0.14
2. Plug-in 36 0.86
Control of feedback 1. Lack of control over feedback 28 0.67
2. Moderate control over feedback 12 0.29
3. Strong control over feedback 2 0.05
Purpose of feedback 1. Provide evaluation results 11 0.26
2. Provide advice and guidance 3 0.07
3. Provide recommendations 2 0.05
4.Stimulate learning motivation and enthusiasm 3 0.07
5. Mixed 23 0.55
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Table 3 Overall effect sizes

. . . 95% CI Test of mean Test of heterogeneity
regarding learning achievements
K ES SE o Lower Upper Z p (0] af p
Fixed 42 0499 0.029 0.001 0443 0556 17.369 0.000 336.702 41  0.000
Random 42  0.706 0.087 0.007 0.536  0.875 8.159  0.000

ES, effect size; CI, confidence interval; SE, standard error; df, degrees of freedom

inquiry-based science learning had a moderate positive
effect on students’ learning achievements. These findings
indicate that the use of intelligent feedback to facilitate
inquiry-based science learning can help improve learning
achievements. The appendix (as shown inTable 8) presents
the effect sizes reported in the 42 selected articles.

According to the merged effect sizes pertaining to the
random effects model (as presented in Table 4), the overall
size of the effect on learning perceptions reached 0.641, thus
indicating a moderate positive impact. The 95% confidence
interval was 0.467—-0.814. The results of the heterogeneity
test revealed heterogeneity in the effect size (Q,, = 124.065,
z="7.244, p <0.001). Therefore, this study revealed that
intelligent feedback in inquiry-based science learning had a
moderate positive effect on students’ learning perceptions.
The use of intelligent feedback to facilitate inquiry-based
science learning was helpful with regard to promoting stu-
dents’ learning perceptions.

RQ2: Effect Sizes Pertaining to Learning
Achievements According to the Moderators

This study analyzed the ways in which intelligent feedback
was moderated by 14 variables. Table 5 presents the results
concerning these 14 moderators with respect to learning
achievements. At the sample level, the effect size was greater
in higher education than in primary school and junior or
senior high school. In addition, the results revealed substan-
tial differences in effect size across different sample levels
(Q5=9.852, df=3, p=0.020). Therefore, the sample level
had a significant positive effect on intelligent feedback in
inquiry-based science learning.

With respect to sample size, a sample size of 1-50 was
associated with the largest effect size, while a sample size of
more than 100 was associated with the smallest effect size.
However, no significant differences were observed based
on sample size (Qz=4.535, df=2, p=0.104). In terms of

research design, the quasiexperimental design entailed a
greater effect size than did the true experimental design. No
substantial differences in effect size were observed across
different research designs (Qz=2.528, df=1, p=0.112).

With respect to learning settings, the results revealed a
greater effect size in online learning settings than in other
learning settings, although no significant differences in effect
size were observed across learning settings (Qp=2.443,
df=4, p=0.655). Concerning the types of organization
used in the treatment, the results revealed that the imple-
mentation of intelligent feedback in a group setting entail
a greater effect size than did targeting individuals, but no
significant differences in effect size were observed in this
context (Qp=0.627, df=1, p=0.429).

In terms of feedback type, no significant differences
were observed in effect size across different types of feed-
back (05 =0.401, df=4, p=0.982). Furthermore, real-time
feedback was associated with a greater effect size than was
delayed feedback. Significant differences were observed
among the different feedback timings (Q=9.330, df=2,
p=0.009).

The results demonstrated that the hybrid feedback tech-
nique were associated with the largest effect size, and signifi-
cant differences were observed across the different feedback
techniques (Qp=14.333, df=4, p=0.006). With respect to
feedback adaptations, although feedback based on student
adaptations entailed a greater effect size than did nonadap-
tive feedback, no significant differences were observed
among the different feedback adaptation styles (Qp=2.587,
df=1, p=0.108).

The findings revealed that both data-driven feedback and
expert-driven feedback achieved the highest effect sizes, but
no significant differences were observed among the different
feedback generation models (Qp=1.300, df=2, p=0.522).
With regard to the data sources used to provide feedback,
the behavioral data were associated with larger effect sizes
than were the other data sources. These results revealed

Tab Ie{ Overal} effect size.s K ES SE c? 95% CI Test of mean Test of heterogeneity
regarding learning perceptions
Lower Upper Z P o af )4
Fixed 20 0.522 0.033 0.001 0457 0586 15.820 0.000 124.065 19 0.000
Random 20 0.641 0.088 0.008 0.467 0.814 7.244  0.000

ES, effect size; CI, confidence interval; SE, standard error; df, degrees of freedom
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Table 5 Results regarding the Categories kg B 95% CI 0, df
moderators

Sample levels 9.852° 3

1. Elementary school 13 0.454 5.620™" [0.296, 0.612]

2. Junior and senior high school 12 0.604 4.663"" [0.350, 0.858]

3. Higher education 16 1.027 5.637™" [0.670, 1.384]

4. Mixed 1 0312 1586  [-0.074,0.698]

Sample size 4.535 2

1. 1-50 6 1379 3.719" [0.652,2.105]

2.51-100 21 0.700 6.789™" [0.498, 0.902]

3. More than 100 15 0.545 3.912"" [0.272,0.818]

Research design 2.528 1

1. True experimental design 6 0439 2553 [0.102,0.777]

2. Quasi-experimental design 36 0.754 7.744™" [0.563,0.944]

Learning settings 2.443 4

1. Laboratory 6  0.653 4.122"" [0.343,0.964]

2. Classroom 13 0.753 5.735™" [0.495, 1.010]

3. Distance/online learning settings 6 0.872 33167 [0.357,1.388]

4. Blended/flipped classroom 16 0.640 3.932™" [0.321, 0.959]

5. Outdoor 1 0433 2165 [0.041,0.824]

Types of organization used in the treatment 0.627 1

1. Individual 33 0.648 7.676™" [0.482,0.813]

2. Group 9  0.871 3.236™ [0.343, 1.398]

Types of feedback 0.401 4

1. Corrective feedback 4 0.791 1.653 [—0.147, 1.728]

2. Suggestive feedback 3 0776 1.739 [—0.099, 1.651]

3. Informative feedback 9  0.656 5.619" [0.428,0.885]

4. Motivational feedback 3 0.821 2529  [0.185,1.457]

5. Mixed 23 0.647 6.524"" [0.452,0.841]

Feedback timing 9330 2

1. Real-time feedback 37 0770 7.442"" [0.567,0.973]

2. Delayed feedback 2 0248 1.728  [-0.033,0.528]

3. Mixed 3 0442 25467 [0.102,0.783]

Feedback technique 14.333" 4

1. Online inquiry learning platform 28 0.574 6.898"" [0.411,0.737]

2. Intelligent agent system or artificial intelli- 4 0.905 3.126™ [0.338, 1.473]

gence (Al) technology

3. Augmented reality (AR) or virtual reality (VR) 5 0429 3.727"" [0.204, 0.655]

4. Mobile software 1 1.409 5360 [0.894,1.924]

5. Mixed 4 1434 2.080" [0.083,2.785]

Adaptability of feedback 2.587 1

1. Student-adaptive 30 0.786 7.226™" [0.572,0.999]

2. Nonadaptive 12 0513 3.936™" [0.257,0.768]

Feedback generation model 1.300 2

1. Data-driven 37 0.644 8.193™ [0.490, 0.798]

2. Expert-driven 1 0.484 1.998"  [0.009, 0.959]

3. Mixed 4 1.150 2.118" [0.086,2.215]

Data source used to provide feedback 1.349 2

1. Learning achievements 15 0.708 4.038™" [0.364, 1.044]

2. Behavior data 17 0776 5.680™" [0.508, 1.044]

3. Mixed 10 0.564 4.457°" [0.316,0.812]

Technical ways of providing feedback 2518 1

1. Standalone 6 0503 4.348™" [0.276,0.730]
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Table 5 (continued) Categories k g b4 95% CI 0p df
2. Plug-in 36 0.743 7.644™ [0.552,0.933]
Control of feedback 15867 2
1. Lack of control over feedback 28 0.643 5.878"" [0.428,0.857]
2. Moderate control over feedback 120969 5.665™" [0.634,1.305]
3. Strong control over feedback 2 0245 2.486" [0.052,0.439]
Purpose of feedback 1.331 4
1. Provide evaluation results 11 0661 3.1117 [0.245, 1.078]
2. Provide advice and guidance 3 0.776 1.739 [—0.099, 1.651]
3. Provide recommendations 2 1.208 2.260°  [0.160, 2.255]
4. Stimulate learning motivation and enthusiasm 3 0.821 2.529" [0.185, 1.457]
5. Mixed 23 0.647 6.524™" [0.452,0.841]
*p < .05; % p < .01; #%* p < 001
Fig. 2 Funnel plot by effect size Funnel Plot of Standard Error by Hedges's g
0.0 .
-/ -
02 g0l
5 e
w 0.4
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no significant differences across different data sources
(05=1.349, df=2, p=0.510).

In terms of the technical methods used to provide feed-
back, plug-in technology entailed a greater effect size than
did standalone methods. No substantial differences in effect
size were observed across different technical methods
(0p=2.518, df=1, p=0.113). In terms of learner control
over feedback, moderate control over feedback was associ-
ated with a greater effect size. The results of the present
study revealed significant differences among different
degrees of control (Qz=15.867, df=2, p=0.000). Thus, the
degree of learner control over feedback had a positive effect
on intelligent feedback. Moreover, no significant differences
were observed in effect size due to the purpose of feedback
(Qp=1.331, df=4, p=0.856).

Publication Bias

This study used the funnel plot method, Orwin’s fail-safe
N test, and Rosenthal’s fail-safe N test to assess publication

@ Springer

bias comprehensively. A funnel plot of the 42 effect sizes
included in this study is illustrated in Fig. 2. The effect sizes
of the majority of studies were uniformly and symmetri-
cally distributed on both sides of the average effect value,
thus providing a preliminary indication that the possibil-
ity of publication bias in this context was relatively small.
Moreover, the classic fail-safe N primarily assesses how
many unpublished studies are needed to achieve an overall
effect value that is not significant with regard to published
studies. The measurement standard is 5*n+ 10, where n rep-
resents the number of studies included in the meta-analysis,
as indicated in Table 6. In this study, this number was 4230,
i.e., much greater than 220 (42*5 4 10). Table 7 presents
the results regarding Orwin’s fail-safe N. The results indi-
cated that 2055 missing studies would be needed to decrease
Hedges’ g to a trivial level. This indicator revealed that the
effect size values of unpublished studies had little impact
on the overall effect values of the published studies. Thus,
according to these three testing methods, the results of the
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Table 6 Classic fail-safe N

Items Value

Z value for observed studies 19.766
p value for observed studies 0.000
Alpha 0.050
Tails 2.000
Z for alpha 1.959
Number of observed studies 42.000
Number of missing studies that would increase the p 4230.000

value to a level > alpha

Table 7 Orwin’s fail-safe N

Items Value
Hedges’s g in observed studies 0.499
Criterion for a “trivial” Hedges’s g 0.010
Mean Hedges’s g in missing studies 0.000
Number of missing studies needed to reduce Hedges’s g =~ 2055.000

to alevel <0.01

meta-analysis were stable, and the phenomenon of publica-
tion bias was not obvious in this context.

Discussion
Effects of Intelligent Feedback

The present study revealed that, in comparison with tradi-
tional methods, intelligent feedback had moderate impacts
on learning achievements and learning perceptions in
inquiry-based science learning. Therefore, learners who
received intelligent feedback exhibited better learning
achievements and learning perceptions than did learners who
did not receive intelligent feedback in inquiry-based science
learning. The findings further suggested that intelligent feed-
back in inquiry-based science learning is a promising way of
improving learning achievements and developing learners’
perceptions. The main reason for this finding is that intel-
ligent feedback provides learners with more opportunities to
engage in self-reflection and self-correction, thereby help-
ing improve their science learning performance (Biswas &
Bhattacharya, 2024). In addition, learning environments that
offer intelligent feedback could increase learners’ interest in
learning and enable them to learn in a fully enjoyable and
engaging state (Herbert et al., 2018). Learners can receive
intelligent feedback immediately after providing responses,
thus promoting their self-regulation and positive learning
perceptions (Afzaal et al., 2024).

Moderator Analysis

The current study revealed substantial difference in effect
size across diverse sample levels. Higher levels of educa-
tion were associated with the strongest effects at all sam-
ple levels. This result could be explained by the fact that
individual differences may influence learners’ acceptance
of and responses to intelligent feedback, thereby impacting
their learning outcomes (Mertens et al., 2022). Younger
learners may process feedback differently than do under-
graduate students or adults (Swart et al., 2019).

The results indicated no significant differences among
the various sample sizes. Therefore, the effect of intelli-
gent feedback was relatively stable and not dependent on
sample size. In addition, a small sample size was associ-
ated with a larger effect size than was a large sample size.
A possible reason for this finding is that a small sample
size produced fewer sources of variation than did a large
sample size (Slavin & Smith, 2009).

With respect to the research design, no substantial dif-
ferences in effect size were observed between the quasi-
experimental design and the true experimental design.
However, the quasi-experimental design was associated
with a greater effect size than was the true experimental
design. This result can be explained by the fact that quasi-
experimental designs are more flexible than are true exper-
imental designs; furthermore, the former can be used to
examine the effectiveness of independent variables under
natural conditions, thereby decreasing threats to the valid-
ity of such research (Singh, 2021).

With respect to learning settings, the present study dem-
onstrated that online learning settings were associated with
a larger effect size than were other learning settings. No
substantial differences in effect size were observed across
different learning settings. The primary reason for these
findings might be the fact that online learning environ-
ments allow students to learn anywhere and anytime, thus
enabling them to improve their learning performance by
integrating science information with thinking skills in the
context of online inquiry-based learning (Jha et al., 2024).

In terms of organization type, the results revealed that
when intelligent feedback was provided in groups, it was
associated with a larger effect size. However, no substan-
tial differences in effect size were observed depending on
whether intelligent feedback was provided to groups or
individuals. Therefore, intelligent feedback can be pro-
vided at either the group or individual level.

This study revealed no noteworthy differences in effect
size among several types of feedback. Thus corrective
feedback, suggestive feedback, informative feedback,
motivational feedback, or mixed feedback could be pro-
vided depending on learners’ needs.
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With respect to feedback timing, the present study
revealed significant differences in effect sizes between dif-
ferent such timings. Real-time feedback was associated
with a greater effect size than was delayed feedback. This
conclusion is corroborated by the findings of Fleckenstein
et al. (2023), who reported that timely feedback can promote
learning outcomes in educational settings very effectively.

With respect to feedback techniques, the current study
demonstrated that hybrid feedback techniques yielded the
highest effect size, and noteworthy differences were observed
among the different feedback techniques. This result can be
attributed to the fact that the use of mixed feedback techniques
can produce a synthesis of the benefits of online inquiry learn-
ing platforms, intelligent agent systems or artificial intelli-
gence technologies, augmented reality, virtual reality, and
mobile applications. The employment of a variety of feedback
techniques can offer learners more comprehensive and mul-
tifaceted feedback (Martin, 2020), thus helping improve their
learning achievements and learning perceptions.

The current study revealed no significant differences in
effect size between adaptive feedback and nonadaptive feed-
back. However, adaptive feedback was associated with a greater
effect size than was nonadaptive feedback. The primary reason
for this finding is that adaptive feedback can be adjusted to
suit the learner’s performance and needs, facilitate the learner’s
understanding of subject knowledge (Sailer et al., 2023), and
enable the learner to monitor and regulate their learning pro-
cesses (Mejeh et al., 2024). Colliot et al. (2024) also suggested
that adaptive feedback can help improve learning performance.

The present study revealed no substantial differences in
effect size among the three types of feedback generation
models. Both data-driven feedback and expert-driven feed-
back achieved the highest effect sizes. The main reason for
this finding is that expert-driven feedback can provide a use-
ful structure for learners (Kroeze et al., 2021), while data-
driven feedback can help students self-regulate their learn-
ing and improves their learning achievements (Afzaal et al.,
2021). Therefore, the integration of data-driven feedback and
expert-driven feedback could lead to the best effect. In addi-
tion, this study revealed no substantial differences in effect
size across different data sources. Therefore, researchers and
practitioners should select different data sources when pro-
viding intelligent feedback to learners.

In terms of the technical methods used to provide feedback,
plug-in technologies were associated with a greater effect size
than were standalone technologies. Moreover, no significant
differences were observed between these two methods. This
finding may be due to the fact that intelligent feedback based
on plug-in technologies is more flexible, scalable, and cus-
tomizable than is stand-alone intelligent feedback (He et al.,
2014). Therefore, the integration of plug-in technologies into
inquiry-based learning systems with the goals of increas-
ing feedback and enhancing personalized recommendations
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or intelligent questions and answers (and thus meeting the
diverse learning needs of learners) is recommended.

Furthermore, noteworthy differences in effect size were
observed among different degrees of control over feedback.
Moderate control over feedback was associated with the
greatest effect size. This finding implies that learners have
a certain degree of autonomy with respect to adjusting their
learning strategies and progress when they receive feedback.
Deeva et al. (2021) reported that allowing students to adjust
feedback delivery according to their own preferences and
needs can promote the most effective feedback. Therefore,
learners should be empowered to select whether they want
to view the feedback, and they should be able to adjust the
feedback when feedback mechanisms are designed.

Finally, the effect size did not differ considerably due
to the purpose of the feedback. This finding might suggest
that intelligent feedback systems could be effective for any
such purposes, such as providing evaluation results, offering
advice and guidance, making recommendations, or stimulat-
ing learning motivation and enthusiasm.

Implications

The results of the current meta-analysis have several implica-
tions for practitioners and researchers. First, this study demon-
strated that intelligent feedback had significant positive impacts
on students’ learning achievements and learning perceptions in
inquiry-based science learning. Consequently, educators and
practitioners should use intelligent feedback to improve stu-
dents’ learning performance in inquiry-based science learning.
Second, the present study indicated that feedback timing,
feedback techniques, and control over feedback significantly
moderated the effectiveness of such feedback with respect
to learning achievements. The timing of feedback is crucial
(Cornide-Reyes et al., 2020), and Yang et al. (2024) reported
that immediate feedback can help correct learners’ mistakes
and enhance their self-efficacy and learning performance. In
addition, Liao et al. (2024) reported that feedback techniques
moderate the relationship between learning motivation and
performance. The degree of control over feedback influences
learning performance (Deeva et al., 2021). Therefore, the
design of these moderators plays a crucial role in the process
of increasing the effectiveness of intelligent feedback.
Third, the present study has theoretical implications with
regard to inquiry-based science learning. In this study, a “6W”
framework for the implementation of intelligent feedback-sup-
ported inquiry-based science learning was proposed, as illus-
trated in Fig. 3. The proposed framework included six crucial
elements, namely, “why, who, what, when, where, and how”.
First, the purpose of intelligent feedback should be considered
carefully, as this purpose determines how the feedback should
be provided. Feedback is provided with the aim of evaluat-
ing, advising, guiding, recommending, or stimulating learning
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Fig.3 The 6W framework for
intelligent feedback-supported

inquiry-based science learning The purpose of

intelligent feedback Why

e Sample level
o Sample size
e Organization type

Intelligent feedback
types

motivation, and enthusiasm. Second, the users of intelligent
feedback should be considered in advance, and particular con-
sideration should be given to learners’ interactions with intelli-
gent feedback, which are important with respect to their learning
performance. The sample level, sample size, and organization
type are vital with regard to the effectiveness of intelligent feed-
back. Third, the type of intelligent feedback provided to learn-
ers is very important. The various types of intelligent feedback
include corrective feedback, suggestive feedback, informative
feedback, motivational feedback, and mixed feedback. Fourth,
the timing of the provision of intelligent feedback is crucial.
Feedback can be provided in real time or delayed. Fifth, the
context of intelligent feedback should be considered in advance.
Such contexts include laboratories, classrooms, online learning,
blended learning, and outdoor settings. Finally, the manner in
which intelligent feedback is provided has important impacts
on the effects of such feedback. The feedback technique, adapt-
ability of feedback, feedback generation model, data sources
used for the feedback thus provided, and technical methods used
to provide feedback should be designed carefully. Overall, the
framework proposed in this research not only contributes to our
understanding of the effects of intelligent feedback on inquiry-
based science learning but also explains how intelligent feed-
back should be designed and applied with the goal of promoting
inquiry-based science learning.

Limitations and Directions for Future Research

Although the findings of this study have significant potential
to shape the future implementation of intelligent feedback in
inquiry-based learning, some limitations of the current study
limit the generalizability of its conclusions. First, only 42 articles
met the criteria for inclusion in this study after full-text screen-
ing. Therefore, further research should broaden the data sources
used in such analysis to obtain a more comprehensive under-
standing of the effects of intelligent feedback on inquiry-based
science learning. Second, this study examined the impacts of 14

Conclusion

\ Investigation '/

Intelligent feedback technique
Adaptability of feedback
Intelligent feedback generation
Data source

Technical methods

) Context of
y intelligent feedback

Orientation

inquiry-based
science learning

Conceptualization

A4 %1121) Timing of intelligent feedback

moderators on the effectiveness of intelligent feedback. Future
research should examine the impacts of additional moderators
on intelligent feedback in inquiry-based science learning.

Conclusions

The present study provided substantial evidence regarding
the positive effects of intelligent feedback and highlighted
the diverse variables that moderate the effectiveness of intel-
ligent feedback in inquiry-based science learning. This study
revealed that intelligent feedback had moderate impacts on
learning achievements and learning perceptions. Addition-
ally, the sample level, feedback technique, feedback time,
and control over feedback significantly moderated the effect
of intelligent feedback. The use of a combination of multiple
feedback technologies achieved better results than did the
use of a single feedback technology. Real-time feedback was
more effective than delayed feedback. Moderating students’
control over feedback led to better learning achievements.
The main contributions of this study are twofold. One con-
tribution of this research lies in the fact that it provides solid
empirical evidence regarding the effectiveness of intelligent
feedback in inquiry-based science learning on the basis of a
synthesis and analysis of data drawn from 42 articles. Another
contribution lies in the fact that identifies the key factors that
impact the effectiveness of intelligent feedback, including feed-
back timing, feedback techniques, and feedback control. Over-
all, the results of this study can deepen our understanding of
intelligent feedback mechanisms in the context of inquiry-based
science learning. The present study elucidates how intelligent
feedback should be employed (in light of the moderating effects
of different variables) to maximize achievements in and per-
ceptions of inquiry-based science learning. The current study
thus offers insights to researchers and practitioners regarding
how they should design and implement intelligent feedback in
inquiry-based science learning efficiently and effectively.
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Table 8 (continued)

18

confidence
interval

Effect size Standard error 95%

Journal Authors

Paper title

No Year

Springer

1.980

1.156

0.210

7.454

Daryn A. Dever, Nathan A. Sonnen-

Metacognition and Learning

A Complex Systems Approach to Ana-

40 2023

feld, Megan D.Wiedbusch,S. Grace

lyzing Pedagogical Agents’ Scaffold-

Schmorrow, Mary Jean Amon, Roger

Azevedo

ing of Self-Regulated Learning Within

an Intelligent Tutoring System
Effect of Augmented Reality-Based

—0.112 0.795

0.231

1.476

Fang-Chuan Ou Yang, Hui-Min Lai,

Yen-Wen Wang

Computers & Education

2023

41

Virtual Educational Robotics on

Programming Students’ Enjoyment of

Learning, Computational Thinking

Skills, and Academic Achievement

—-0.254 0.363

0.157

Jian-Wen Fang, Li-Yuan He, Gwo-Jen 0.345

Interactive Learning Environments

A Concept Mapping-Based Self-Regu-

42 2023

Hwang, Xiu-Wei Zhu, Chu-Nu Bian,

and Qing-Ke Fu

lated Learning Approach to Promoting
Students’ Learning Achievement and
Self-regulation in STEM Activities
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