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Theuseof artificial intelligence in education (AIEd) hasgrownexponentially in the last decade, particularly
intelligent tutoring systems (ITSs). Despite the increased use of ITSs and their promise to improve
learning, their real educational value remainsunclear. This systematic reviewaims to identify theeffectsof
ITSs on K-12 students’ learning and performance and which experimental designs are currently used to
evaluate them. The 28 studies analyzed in this systematic review included a total of 4597 students
(N = 4597) and used quasi-experimental designswith varying intervention durations. Overall, our findings
suggest that the effects of ITSs on learning and performance in K-12 education are generally positive but
are found to be mitigated when compared to non-intelligent tutoring systems. However, additional
research with longer interventions and increased sample sizes with greater diversity is warranted.
Additionally, the ethical implications of using AI for teaching should be investigated.

According to the United Nations Educational, Scientific and Cultural
Organization, there is a worldwide educational crisis, with more than 250
million children out of school and an additional 600million failing to reach
minimum competency levels1. UNESCO’s Sustainable Development Goal
4 states that sustainable development can only be achieved by leveraging the
potential of the digital revolution, which increasingly encompasses artificial
intelligence (AI)2,3. Research initiatives are encouraged to investigate how
new technologies can impact teaching and learning and how they can be
used ethically and responsibly in education.

Existing research emphasizes the significance of providing learners
with 21st-century skills, including the more effective use of digital tech-
nologies for learning3–5. Educational resources and learning activities are
increasingly disseminated to students through digital learning
environments6. These environments are designed to provide education
adapted to the user’s characteristics, needs, and behaviors. The use of AI in
educational resources is a growing industry that promises to transform
education by creating tutoring systems that could personalize learning.

In this regard, the use of AI in education (AIEd) has experienced
substantial growthover the past decade.AIEdencompasses a broad range of
applications, from adaptive learning platforms that curate customized
content to fit individual learning styles and paces7, to AI-driven analytics
tools that forecast student performance and provide educators with
actionable insights8. Developments in AIEd have expanded the educational
toolkit to include chatbots for student support, natural language processing

for language learning, and machine learning for automating administrative
tasks, allowing educators to focus more intently on teaching and
mentoring9. Due to technological convergence, these tools have evolved into
multipurpose, generative pre-trained transformers (GPTs). GPTs, such as
OpenAI’s GPT-4, Anthropic’s Claude, and Google’s Gemini, are large
language models (LLMs) that combine extensive language datasets with
immense computing power to create intelligent models that, after training,
can generate complex, advanced, human-level output10 in the form of text,
images, voice, and video. These models are capable of dynamic human-
computer dialogs, continuously responding with novel output each time
users input a new prompt, having been trained on data from the vast corpus
of human knowledge, spanning the physical and natural sciences to med-
icine and pedagogy. Therefore, It is likely that AIEd will continue to be a
crucial topic in the coming years11,12.

Computer tutoring was first introduced in classrooms in the late 1960s
and has since undergone significant improvement, often incorporating
advancements in AI. Those updated tutoring systems are now generally
referred to as Intelligent Tutoring Systems (ITSs)13. ITSs are software pro-
grams generally equipped with AI programming that can detect, compre-
hend, and adapt to the learner’s progress. They monitor student progress,
identify difficulties and errors, navigate structured subject content to offer
and tailor the difficulty level, thus developing an optimal path for learning3.
One well-known example of an ITS is Duolingo14, a mobile application for
language learning that personalizes instruction for each user14. ITSs are
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becoming more prevalent in modern society, supporting traditional edu-
cational environments like classrooms and alternative learning contexts
such as distance learning or professional training. According toUNESCO’s
2021 Guidance for Policy-makers, they are currently the most extensively
studied application of AIEd15.

However, while there is limited literature highlighting the effects of
ITSs on K-12 education, studies on ITSs often conflate the effects on chil-
dren’s and adults’ learning or on learning in school versus professional
settings. Despite the growing use of ITSs and the potential they offer to the
education industry, stakeholders still struggle to navigate between the
potential to improve learning outcomes and reduce inequities in education
and the actual educational value, which remains uncertain16.

In 2016, Kulik and Fletcher conducted ameta-analysis of 50 controlled
assessments of ITSs17; their findings revealed a lack of scientific consensus
regarding their effectiveness.However, they alsodemonstrated that ITSs can
be highly effective instructional tools. While many studies have suggested
that the effect of ITSs on learning could surpass that of a human tutor13,
others have raised questions18, and highlighted the limitations of ITSs15.
Another systematic review of AI applications in higher education empha-
sized the necessity for research on the effectiveness of ITSs12. This review
noted that the positive outcomes of using new technologies in the classroom
are almost never attributed to the novelty effect12, even though it has been
shown that novelty in itself can improve students’memory and learning19.

With this said, a recent analysis by Honebein and Reigeluth20 speaks to
how ITSs can be highly effective, but only when they embody sound peda-
gogical features applied under the right conditions. They identified that key
features such as immediate feedback, guided practice, and adaptivity are not
simply superfluous additions – they are grounded in decades of instructional
theory and have demonstrable positive effects on learning. Moreover, the
effectiveness of these features can bemaximized in certain situations, such as
domains and contexts that truly leverage individualized, active learning. They
state that comparing a well-established “traditional” learning method to a
half-formed ITS (lacking these features) is both unfair and uninformative.
Their central thesis is that to “improve” rather than “prove” ITS effectiveness,
designers of ITS must implement proven features and clarify the situational
variables for their use; they claim that when an ITS is well-aligned with
instructional theory – applying the correct methods for the right learners
under the right conditions – it consistently produces positive outcomes.

In this regard, one study that investigated the effects of an ITS long-
itudinally was performed by Pane and colleagues21. In this large-scale ran-
domized controlled trial, they evaluated the Cognitive Tutor Algebra I
(CTAI), which provided individualized instruction to address students’
specific needs. The CTAI utilizes a multi-modal approach, including dia-
grams, equations, text, and concepts that were contextualized in real-world
problem scenarios. They demonstrated the effectiveness of CTAI in
improving student algebraproficiency.This improvementonly emergedafter
sustained implementation, such that they observed notable improvements in
the second year of the study, particularly in high schools, where students
outperformed control groups with an effect size of approximately
+0.20 standarddeviations.This effect, theyclaim, is comparable to thebenefit
of an additional year of algebra instruction. However, the study also showed
that the use of the CTAI in middle schools exhibited a similar but non-
significant trend in learning outcomes. Overall, the results of this study
suggest a certain consonance with the thesis of Honebein and Reigeluth20, in
that, the correct featuresweredeployed in the ITS, but the situational variables
for use were only met in high schools and not middle schools. A case of the
right tools for the right learners, of course, other confounding factors may
have affected the results, such as issues arising within the initial imple-
mentation period during which teachers and schools adapted to the ITS and
the blended learning model, which may have differed between school tiers.

Smith and Sherwood noted that researchers have been striving to
develop computer tutors as effective as human tutors since computers were
first developed22. VanLehn13 and Kulik and Fletcher17 have contributed to
the understanding of the general effectiveness of ITSs compared to other
learning methods, such as human tutoring or no tutoring, regardless of the

learning environment (adult training, school environment, etc.). In contrast
to the results of Pane et al.21, Kulik and Fletcher17, in their review of ITS,
indicated that only three studies were conducted in school settings and
found no real improvement in school (K-12) performance due to the
deployment of ITS. Thisfinding emphasizes the importance of conducting a
systematic review encompassing both the effectiveness and improvement of
ITS in primary and secondary (K-12) education, similar to Zawacki-Richter
et al.’s review of AI applications in higher education12. The aim is to provide
guidance to stakeholders at all levels concerning the development, deploy-
ment and use of ITS in education.

Thus, the gap in scientific knowledge related to ITSs goes beyond their
efficacy in providing positive learning outcomes to include what features
and situational variables are beneficial to the successful deployment of ITS.
As such, comprehensive research is needed to address the application and
effects of AIEd in primary and secondary (K-12) education. Despite
numerous years of research and case studies on the implementation of ITS,
little is known about their effect on the quality of learning16. Additionally,
there is currently no systematic or generalizable understanding of how to
apply other forms of AI to optimize learning outcomes3.

While the ethical implications of AIEd in the broader sense are beyond
the scope of this review, we understand that there is a rich and developing
literature in this area. Broadly speaking, from an ethics standpoint, stake-
holders should ensure that ITS systems deployed in educational environ-
ments are fair, equitable, transparent and beneficial to learners23. Ethics in
AIEd are linked tomultiple ethical dimensions such as fairness, responsibility,
transparency, accountability, agency, interpretability and explainability24,25,
which canpotentiallymakeanAIapplicationmore trustworthyandaccepted.

This systematic review aims to evaluate current and recent advances in
ITS research enabled by AI innovation and ultimately address the following
questions:
1. What experimental designs are used to evaluate the effects of ITSs?
2. What are the effects of ITSs on K-12 students’ learning and

performance?

Results
Table 1outlines the included articles, study location, a sample description, the
interventionduration and the controlled variable.Aspreviously stated, twoof
the articles each contained two studies. To differentiate between the studies
withinanarticle, eachonewas labeledas [a] and [b], for example:Cui et al. [a].

It is worth noting that the table does not include effect sizes. Indeed,
although we recalculated these Cohen’s d values using the available infor-
mation (means, standard deviations, group sizes, eta-squared, etc.), we
observed that the research designs vary so much from one study to another
that it becomes complex and not very relevant, for comparison purposes, to
present the information in a clear and concise manner.

Also, It is important tomention that an additional article by Roscoe
and McNamara26 described the same study as another article by Roscoe
et al.27 albeit with less detail. For the sake of this review, both articles were
considered as one study.

General overview
Ninety-six percent of the articleswere authoredby individuals affiliatedwith
educational science, computer science, or both. Only one article was
authored by individuals affiliated with the studied ITSs’ company28. Of all
the articles included, 62%were authored by individuals with an educational
science background29–43. Fifteenpercentwere authored by individualswith a
computer science background44–48. The remaining articles were authored by
individuals from both backgrounds (19%)27,28,49–51.

It is encouraging that the majority of authors are from the fields of
education or computer science, with fewer from ITS companies. This
enhances the reliability of the results regarding student learning and per-
formance in these studies.

This result differs from the systematic reviewof ITSs research in higher
education conductedbyZawacki-Richter et al.12 In their review, only 8.9%of
the included articles were written by authors with an educational science
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background, while the others were written by authors with Computer Sci-
ence and STEM backgrounds. This discrepancy could arise from the use of
different databases, namely EBSCO Education Source,Web of Science, and
Scopus, or from the fact that Zawacki-Richter’s review covered all AI
applications, whereas the current specifically targeted ITSs. ITSs are pri-
marily employed in traditional and alternative educational settings within
the field of AIEd.

Thepublication rateof the includedarticles shows signsof slight increase
in recent years. Given that ITSs are regarded as themost prevalent and highly
sought-after educational applicationofAI, attractingconsiderable investment
and interest from technology companies15, we anticipated ahighernumber of
studies meeting our criteria. For comparison, Zawacki-Richter et al. reported
29 studies investigating ITSs in higher education from 2007 to 201812.
Similarly, this variation could stem from the difference in databases used.
However, it may also result from the current review solely concentrating on
the impacts of ITSs on learning and performance rather than other educa-
tional variables such as interest, attitude or motivation towards learning.
Additionally, it could be due to the feasibility of conducting studies in higher

education compared to K-12 settings involving minors. Nevertheless, the
effects of ITSs on learning and performance have continued to be a subject of
interest over the past decade. There has been a consistent publication trend,
withoneor two articles published annually from2011 to 2016, followedby an
increase to two or three articles each year since 2017.

This review included contributions fromeight countries,withanotable
concentration in the USA and Asia. Most articles originated from the USA
(54%)27,32–35,38–40,44,46,49–51. The remaining articles primarily originated from
Asia (27%), including Taiwan29,52, China28,41, Thailand37, Korea31, Turkey45,
and Saudi Arabia43, while only four (15%) came from Europe (Slovenia,
Hungary, Spain and Netherlands)30,42,48,53.

None of the articles included in this review mentioned any con-
sideration of AI ethics. This lack of attention on ethical concerns in studies
investigating the effects of ITSs on student learning and performance
prompts questions regarding the extent to which educators and researchers
have addressed the ethical implications associated with the use of AI in
education. This oversight highlights the need to thoroughly examine the
ethical implications of the widespread use of intelligent tutoring.

Table 1 | Included studies

Authors Country Sample size School level (grade) School subject Intervention
Duration (weeks)

Controlled variable

Chen and Huang29 Taiwan 160 8 Computer science 7 ITS/Teacher

Long and Aleven44 United States 122 8 Math 1 ITS/modified ITS

Özyurt et al.45 Turkey 25 10 Math 8 No control

Long and Aleven(a)46 United States 98 8 Math 1 ITS/modified ITS

Long and Aleven(b)46 United States 56 7 Math 0 ITS/modified ITS

Roscoe et al.27 United States 113 10 First language 25 No control

Dolenc et al.30 Slovenia 58 8 Science 1 ITS/Teacher

Choi31 Korea 124 High school and middle
school

Second language 4 ITS/Teacher

Jordan et al.32 United States 72 11 Physics 1 ITS/(non-
intelligent) TS

McCarthy et al.33 United States 234 High school Science 1 ITS/modified ITS

Bernacki and
Walkington34

United States 150 9 Math 16 ITS/modified ITS

Holstein et al.49 United States 286 7; 8 Math 20 ITS/modified ITS

Cui et al.(a)28 China 163 8 Math 1 ITS/Teacher

Cui et al.(b)28 China 104 8 Second language 1 ITS/modified ITS

Walkington and
Bernacki35

United States 106 9 Math 0 ITS/modified ITS

Chen et al.47 Taiwan 24 4 First language 1 No control

Huang et al.50 United States 129 9 Math 4 ITS/modified ITS

Katz et al.36 United States 73 High school Physics 1 ITS/(non-
intelligent) TS

Ingkavara et al.37 Thailand 292 High school Physics 4 ITS/(non-
intelligent) TS

Ökördi et al.53 Hungary 810 3; 4 Math 5 ITS/Teacher

Vest et al.51 USA 167 6; 7; 8 Math 1 ITS/modified ITS

Wijekumar et al.38 USA 464 5 First language 6 ITS/Teacher

Borchers et al.39 USA 82 9 Math 1 ITS/Teacher

Nehring et al.40 USA 100 12 Math 30 ITS/Teacher

Tang et al.41 China 65 10 Math 1 ITS/(non-
intelligent) TS

Horvers et al.42 Netherlands 114 5 Math 1 ITS/modified ITS

Uriarte-Portillo48 Mexico and Spain 106 9 Math 2 ITS/(non-
intelligent) TS

Khasawneh43 Saudi Arabia 300 High school Math 8 No control

n.a. not available.
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What experimental designs are used to evaluate the effects
of ITSs?
The effects of ITSs have been studied using various experimental designs
across diverse educational contexts, including different school levels and
subjects.

Educational context: The school level and the subjectwere compared to
assess differences in educational context. Roughly half of the studies
(54%)27,32–37,39–41,43,45,48,50 involvedhigh school students andone includedboth
high school and middle school students31. Nearly all the remaining (32%)
involved middle school students28–30,44,46,49,51. Only four studies (14%)
involved elementary school students, and none were conducted with pre-
school groups38,42,47,53.

Most of the studies (82%) were carried out in subjects related to
STEM28–30,32–37,39–46,48–51,53, while the others were focused in Language arts,
first27,38,47 or second28,31 language. This finding was consistent with the
research conducted by Holmes and Tuomi16, and UNESCO,15 which sug-
gested that ITSs arewell-suited for subjectswith a structured approach, such
as mathematics or physics. This may explain why studies have primarily
focused on higher education, where these subjects are taught.

Experimental designs: Fig. 1 shows that researchers mainly utilized
quasi-experimental methods in most cases27–38,44–47,49,50. These methods
involved an experimental group using an ITS, while a control group used an
alternative intervention to learn the same subject. Effects were measured
with a pre- andpost-test administered to both groups. In theirmeta-analysis
of ITSs,Kulik andFletcher observed that the effectmeasuredependedon the
nature of the tests, whether they were locally developed or standardized17.
The difference between locally developed and standardized tests is worth
noting, as it affects the interpretation of educational outcomes. This suggests
that the context and design of the assessment tools may influence the
measurement of educational effects. This also suggests that alignment of the
test and the instructional aims are critical determinants of assessment
results. As not all studies included in this review have the same type of
control group, the studies were categorized into four groups based on their
control group type (as listed below and in Fig. 1). This was done to analyze
the effects of ITSs on students’ performance. The four types of control
group were:

ITS vs Teacher (8 studies)28–31,38–40,53: The control group received a tra-
ditional, non-digital teaching on the same concepts as the
experimental group.
ITS vsNon-intelligent tutoring system (TS) (5 studies)32,36,37,42,51: A digital
learning environment without artificial intelligence was used in the
control group. It is noteworthy that all these studies took place in high
school physics classes.
ITS vsModified ITS (11 studies)28,33–35,41,44,46,48–50: The control groupuseda
modified or older version of the ITS tested by the experimental group.
ITS vs No control (4 studies)27,43,45,47: There was no control group. This
category included a qualitative study45, an implementation study27, and a
study on gender differences in performance47.
Intervention Duration: Fig. 1 illustrates that half of the interventions

lasted less than a week28,30,32,33,36,39,41,42,44,46,47,51, with some as brief as a single
class period35,46,51. The International Brain Research Organization (IBRO),
in partnership with UNESCO’s International Bureau of Education (IBE),
suggested that novelty can improve students’ memory and learning19.
Considering this, it remains unclear how one can draw conclusions about
long-term effects on students’ performance from such brief interventions.
Can these effects be attributed to the ITS itself or simply to thenovelty aspect
of it? Some other studies lasted several weeks27,29,31,34,37,38,40,43,45,49,50,53, limiting
the novelty aspect of the intervention. The longest intervention lasted 30
weeks and was conducted with a control group39.

What are the effects of ITSs on K-12 students’ learning and
performance?
As previously mentioned, studies were categorized into four groups based
on experimental design.However, the included studies donotprovidemany
effect sizes.

ITS vs teacher. Seven out of eight studies comparing an ITS to tradi-
tional or usual teaching reported a significant positive effect of ITSs on
student performance, with effect sizes ranging from medium to large.
One study39 found no significant difference between traditional teaching
graphs and ITS use.

Thus, Cui et al. [a] compared the Yixue Squirrel AI ITS to traditional
offline teaching methods regarding the Pythagorean theorem over a three-
day period, comprising a total of five hours of learning28. A total of 90 stu-
dents used the ITS in the experimental condition, while 73 were in the
control condition. According toCui et al., the learning gainswere 4.19 times
greater for the experimental group compared to the control group, with a
medium-sized effect (Experimental group M = 9.38, SD = 11.08; Control
group M = 1.81, SD = 10.91; Hedges’s g = 0.68; F(1.160) = 16.80, p < 0.001,
partial η2 = 0.10)28.

In the studybyChenandHuang, 160 computer science studentswere
taught how to use the Internet, Word, and PowerPoint29. In this experi-
mental condition, 81participants used anunnamed ITSdesigned specially
for this study, while 79 were assigned to the control condition, receiving
traditional teachingmethods. The ITSwas used for sevenweeks, but there
is no further indication of the actual time devoted to learning with or
without the ITS. Learning gains were measured using pre- and post-tests.
A significant difference in the experimental and control groups’ test
results was shown by one-way analysis of variance (ANCOVA) (Experi-
mental group M = 68.889; Control group M = 64.621; F = 4.272;
p < 0.05)29.

In a study conducted by Choi, 32 high school students and 30 middle
school students used ITS iTutor, a tool designed to teachEnglish as a foreign
language, for eight ninety-minute sessions over four weeks31. The control
group comprised an equal number of students taught the same grammatical
concepts in a traditional, teacher-centered, paper-based setting31. The study
found a statistically significant difference between the experimental and
control groups in the pre- and post-tests, demonstrating the effectiveness of
the ITS as shown by a two-way ANOVA (F = 234.344 and p < 0.05)31. The
ITS had varying effects onmiddle and high school students as a statistically
significant interaction effect between the experimental groups and the
education level was reported (p = 0.013; α = 0.05). This finding suggested
that students react differently to the tutoring program depending on their
education level, middle school or high school, and between the control and
experimental groups31. In particular,middle school students showed greater
improvement in the ITS condition and benefitedmore from it compared to
high school students. Notably, this type of comparison between levels of
education is rare in the literature. This study suggested that educators may
need to differentiate ITSs depending on the level of education to effectively
increase student’s performance.

Wijekumar et al. conducted an experiment with 5th-grade students
from7different schools using theWeWrite ITS over a 6-week period38. The
study consisted of two parts, but only the first part, which used an ITS, was
considered here. The study aimed to investigate planning skills and writing
quality, which were assessed using one pre-test and two post-tests. The
experimental group (n = 299) consisted of 194 students who took the
writing quality pre-test, 193 who took the planning pre-test, and 145 who
completed both post-tests. The control group (n = 165) consisted of
127 students who took the writing quality pretest, 126 who took the plan-
ningpretest, andonly 9whocompletedbothpost-tests. Tounderstand these
numbers, it is important to acknowledge that some students took only the
pre-test, not the post-test, and vice-versa.Although the small control sample
may have been due to the teacher’s reluctance to allocate instructional time
for further assessments, as stated by the authors, it limited the ability to have
a normal statistical sample38. The authors reported a significant medium-
sized effect size (d = 0.77) on the planning skills of the students in the ITS
compared to those in the control38. The authorsmentioned that classes with
lower initial writing quality scores seemed to benefit from the ITSmore than
classes with higher initial scores, although the effect on writing quality was
small andnot statistically significant. It is noteworthy that the authors of this
study emphasize that the ITS enhances but cannot replace teacher-led
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instruction and that teachers should receive adequate training regarding the
use of computer tools38.

Dolenc et al. did not directly compare the performance of studentswho
used an ITS with a control group, but rather with national standardized test
results30. Fifty-eight students used the TECH8 ITS for two 45-minute

sessions to study the gear subject and then underwent a summative
assessment of knowledge comparable to the National Assessment of
Knowledge (NAK) in Technology and Science for the years 2008 and 2010.
Their results were compared to the national results of the 2008 and 2010
NAK, revealing a large effect size of the ITS (2008: d = 0.99; 2010 : d = 1.30).

Fig. 1 | Comparison of studies based on sample size, type of control group, and duration of the study. Bubble size indicates the sample size. An asterisk indicates studies
that included the effect sizes of their results.
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The authors suggested that the TECH8 ITS attained better outcomes
compared to traditional teaching methods30. The ITS results were also
comparable to those of other ITSs, although the authors did not specify any
particular ITSs.

Ökördi et al.53 conducted a quasi-experimental study on 2187 students
from third and fourth grade. After excluding students with more than 50%
missing data on a test or thosewhodid notmeet theminimumparticipation
criteria, the final sample comprised 810 pupils who completed a pre-test, a
post-test, and a follow-up test three months later on multiplication and
division. This included 414 students in Grade 3 and 396 in Grade 4, equally
dividedbetween intervention and control groups in amanner thatmitigated
school-related factors. After the pre-test, both conditions groups had
classroom lessons, and the intervention group combined those lessons with
sessions on the eDia online platform. The intervention lasted four to six
weeks and took place in the school during regular school hours and each
online session took approximately 10–20min. According to Ökördi et al.,
students who completed more than half of the online sessions improved
their skills by one-third of a standard deviation, while the control group’s
progress was only half that amount53.

Nehring et al.40 conducted a study on the ALEKS PPL web-based
mathematics learning platform in 12th grade across five different schools,
with a total of one hundred students. Students from two schools constituted
the control group, receiving only traditional classroom lessons (n= 27).
Students fromtheother three schools formed the interventiongroup (n= 73),
combining traditional classroom lessons with modules on the ALEKS plat-
form.Both groups completed theALEKSPPLMathematics PlacementExam
inOctober and again inMay, and the data was combined with data from the
online platform in a 2 × 2 mixed ANOVA (F(1, 98) = 19.16, η² = 0.16,
p < 0.001). The results indicated that students in the intervention group sig-
nificantly increased their exam scores between October and May (M_diff =
13.55, SE = 1.72, p < 0.001, d= 0.87, 95% CI [10.14, 16.96]), whereas the
control group exhibited no statistically significant change in mean perfor-
mance (M_diff =−0.93, SE= 2.83, p = 0.744).

In Borchers et al.’s39 study, 82 9th-grade mathematics students used
the ITS Mathtutor to learn three units on linear graphs. The students
completed a pre-test on all units on Day 1, learned two units on Day 2,
completed a first post-test on those two units on Day 3, learned the last
unit onDay 4, and completed a second post-test on the last unit onDay 5.
Each test was completed in two different formats (paper and ITS); half of
the groups answered the paper test first (PT), while the other half did the
tutor test first (TP). The students were divided into four conditions,
alternating between paper and tutor learning and testing. Paired t-tests
showed statistically significant learning gains for both the paper and ITS
conditions (tutor: t(281) = 2.76, p < 0.001; paper: t(287) = 7.94, p < 0.001).
An ANOVA showed that learning gains were similar in both the ITS
(M = 0.13, SD = 0.30) and paper conditions (M = 0.15, SD = 0.31) (F(2,
222) = 5.28, p = 0.006). There was a significant interaction between the
condition and the learning unit, favoring paper for one unit and ITS for
another unit. There was also a significant main effect, indicating that
learning gains were twice as high when the test format matched the
practice environment (M = 0.18, SD = 0.30) compared to when there was
no such match and students had to transfer knowledge across formats
(M = 0.10, SD = 0.30) (t(567.96) =− 3.28, p = 0.001).

ITS vs non-intelligent TS. Four studies compared an ITS to a non-
adaptive or non-intelligent tutoring system in high school physics
classes32,36,37. One study reported positive learning gains with the ITS37,
while the other three reported no significant difference in learning gains
between the ITS and the non-intelligent tutoring system32,36,41,48.

Ingkavara et al. conducted a study with an experimental group of
144 students who participated in a self-regulated online learning approach
guided by personalized learning, supported by an unnamed ITS37. The
control group of 148 students followed a conventional self-regulated online
learning approach without guidance from a teacher. Both groups studied
electric circuits for amonth37. Learning gainswere significantly higher in the

experimental group (M = 7.37, SD = 2.237) compared to the control group
(M = 6.07, SD = 1.908): (t(290) = 5.350, p < 0.05)37. This is the only study in
this category that reported significant results.

Jordan et al. conducted a study with 37 students in the experimental
group and 35 in the control group32. Both groups used the Rimac system for
one class period, specifically on the kinematic subject32. In the control ver-
sion, the tutoring system broke down each step, regardless of the student’s
prior knowledge while, in the experimental version, the ITS only broke
down the necessary steps into sub-steps based on the student’s prior
knowledge of the content32. The authors reported no significant effect dif-
ference between both groups, suggesting that students learned the same
regardless of their assigned group32.

Katz et al.33 reported two studies: Jordan et al.’s32 study, presented
above, and Albacete et al.’s.53 In the study by Albacete et al., the Rimac
system was used over a four-day period.54 The 31 students in the experi-
mental group used an adaptive version of the system, while the 42 students
in the control group used a non-adaptive version.54 The study found no
significant difference in learning gains between the two conditions when
controlling for students’ prior knowledge (F(1.70) = 1.770; p = 0.19).54 An
additional independent samples t-test showed no significant difference
between mean learning gains in the experimental and control groups
(Experimental group M= 0.087, SD = 0.074; Control group M= 0.112,
SD = 0.096; t(71) = 1.226, p = 0.22). However, an analysis of variance
(ANOVA) revealed that students in the experimental group learned sig-
nificantly faster, irrespective of their prior knowledge of the content.
reported two studies: Jordan et al.’s32 study, presented above, and Albacete
et al.’s53. In the study by Albacete et al., the Rimac system was used over a
four-day period54. The 31 students in the experimental group used an
adaptive version of the system, while the 42 students in the control group
used a non-adaptive version54. The study found no significant difference in
learning gains between the two conditions when controlling for students’
prior knowledge (F(1.70) = 1.770; p = 0.19)54. An additional independent
samples t-test showedno significant difference betweenmean learning gains
in the experimental and control groups (Experimental group M = 0.087,
SD = 0.074; Control group M = 0.112, SD = 0.096; t(71) = 1.226, p = 0.22).
However, an analysis of variance (ANOVA) revealed that students in the
experimental group learned significantly faster, irrespective of their prior
knowledge of the content.

In Tang et al.41, 80 volunteer 10th-grade students were arbitrarily
divided into two groups and had to complete a pre-test, a training session,
and a post-test over the winter holiday. Sixty-five of them completed the
study. The experimental group (n = 28) usedGuided andAdaptive Tutoring
Tips (GATT) within a Mathematics Intelligent Assessment and Tutoring
System (MIATS) created by the authors, which provides step-by-step
prompts and immediate personalized feedback on each incorrect question
from the pre-test during the training sessions. The control group (n = 37)
used another platform that provided only regular answer-based feedback,
indicating whether their answers were correct or not. In the pre-test, the
control group obtained a significantly higher average score than the
experimental group, which aligned with the final examination scores from
the previous semester. The mean difference between the treatment and
control groups was −11.06, demonstrating statistical significance in an
independent sample t-test (p = 0.0023 < 0.01). In the post-test, there was no
statistically significant difference between the two groups (p = 0.113 > 0.01).
The effect size indicated a small tomoderate difference (Cohen’s d = 0.340).
Between the tests, both groups made statistically significant progress
(p < 0.01) in a paired sample t-test. The treatment group’s score increasedby
15.50%, while the control group’s score increased by 5.13%. Compared to
the pre-test, the treatment group showed greater progress in the post-test
than the control group, which, according to the authors, indicates that the
use of the intelligent teaching system significantly benefited the students in
the treatment group.

Uriarte-Portillo48 conducted a study with 106 middle school stu-
dents to compare an intelligent tutoring system with augmented reality
(ARGeoITS) and a system with only augmented reality (ARGeo).
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Students were randomly assigned to the control group (n = 53) using
ARGeo or the experimental group (n = 53) using ARGeoITS. In the first
session of the experiment, all students received a lesson on basic geo-
metry, a tutorial on augmented reality, and a pre-test. In the second
session, students used a tablet with their respective platform for
50 minutes and then answered a post-test. The ANOVA test revealed
that there was no statistically significant difference between the groups
on the pre-test (F(1,106) = 0.182, p = 0.670). For the post-test, the mean
achievement score was higher in the experimental group (M = 7.47,
SD = 1.601) compared to the control group (M = 6.83, SD = 1.424), and
the ANOVA showed a statistically significant difference
(F(1,106) = 4.752, p = 0.032). This result indicates a better learning
outcome for students using the ITS version of the learning platform. The
authors also compared the post-test results according to the type of
school the students attended (public or private). The ANOVA revealed a
statistically significant difference (F(1,106) = 6.675, p = 0.011), favoring
students from private schools (M = 7.62, SD = 1.396) compared to those
from public schools (M = 6.84, SD = 1.566).

ITS vs modified ITS. This experimental design category includes eleven
studies that compared one ITS to another ITS or amodified version of the
same ITS. Identifying general trends in this category is challenging as the
studies either compare ITSs with each other or with pedagogical methods
for using an ITS in specific contexts. Only three studies in this category
provide effect sizes, mostly small-sized35,49,50.

In Huang et al., 60 students used a redesigned ITS, while 69 students
used the original version in high school Algebra 1 classes for a month,
accumulating a total use of 320min50. The redesigned ITS estimates the
number of opportunities each student is likely to need to master easy and
hardfine-grainedknowledge contents, as to avoidunder- or over-practice of
a content. This feature was found to produce a significant improvement in
learning, albeit with a small effect size. According to the authors, after an
independent sample t-test, the redesigned version resulted in significantly
higher learning gains with a small effect size (b = 0.05, p = 0.046; Cohen’s
d = 0.31)50. Authors highlighted the relevance of data-driven redesign of
ITSs to enhance their effectiveness.

In one of the studies conducted byCui et al. [b], 46 students usedYixue
in the experimental condition, while 58 students used BOXFiSH in the
control condition28. The study aimed to investigate the effectiveness of these
two language learning apps in teaching basic English grammar to foreign
language learners over a two-day period. The results showed that the Yixue
users performed significantly better than the control group,with 4.62greater
learning gains (Experimental group M = 5.86, SD = 10.81; Control group
M = 1.04, SD = 8.93)28. The authorsmention that these resultsmight be due
to Yixue’s fine granularity of knowledge contents. However, both groups
showed improvement from pre-test to post-test. When interpreting the
results of this particular study, it is important to remind that themainauthor
is affiliated with the ITS company.

Long and Aleven conducted a randomized experiment to investigate
the effectiveness of Cognitive Tutor in teaching geometry44. The study
involved 47 students in the control group who used Cognitive Tutor with a
control diary consisting of general questions, and 48 in the experimental
group who used Cognitive Tutor with a skill diary for self-assessment. The
experiment was conducted over three class periods. The results of the study
indicated that therewas a significantdifference in learninggainsbetween the
groups on the reproduction problems section of the post-tests, which were
isomorphic to the problems in Cognitive Tutor. This was determined
through a one-way ANOVA (F(1, 93) = 3.861, p = 0.052, η² = 0.040).
However, there was no significant difference between the two groups on the
transfer problems section (F(1, 93) = 0.056, p = 0.814, η² = 0.001)44. Results
suggest that self-assessment prompts could also support self-regulated
learning for students using the ITS.

Long and Aleven [a] conducted a 2 × 2 experiment with 98 eighth-
grade students over three class periods46. The study tested how the following
independent factors influenced students’ performance: whether students

were shown their skill-level and their progress in problem types, and
whether students were allowed to select their next problem from an
incomplete level49. The experiment used an ITS built with Cognitive Tutor
Authoring Tools. No statistically significant differences were found among
the four conditions, and there was no significant improvement between the
pre- and post-tests46. The authors suspected a ceiling effect and decided to
run another experiment, in which Long and Aleven [b] used the same 2 × 2
model with 56 seventh-grade students over five class periods on linear
equations46. This second study modified the condition of displaying pro-
gress information to students, with the aim of encouraging reflection and
limiting self-assessment biases. This change aimed to improve the accuracy
of skill-level and problem-type-level progress information. Although the
sample sizewas small, with only 14 students per group, the authors observed
a positive effect on learning gains due to the modified progress
information46. Both groups that received progress information out-
performed their peers, showing a medium to large effect size (η² = 0.078)
according to a one-way ANOVA46. These results suggest that the ITS leads
to greater learning gains when it encourages students to reflect on their own
progress and abilities.

McCarthy et al. conducted a study inwhich 118high school students in
science class used the iSTART ITS for three two-hour sessions in the same
week33. The students were divided into four groups, following a 2 × 2 design
to test how two metacognitive supports implemented within the ITS, per-
formance threshold and self-assessment, influenced students’ performance
in understanding complex text33. An additional 116 students who did not
receive iSTART training only took the pre- and post-test. Contrary to the
three previous studies’ results which suggested that self-assessment
enhanced the effectiveness of the ITS44,46, none of the experimental condi-
tions in this study were reported to influence performance33. Afterward, the
118 iSTART training students were compared to the 116 students without
any iSTART training. The authors stated that the treatment improved the
quality of self-explanations but did not affect test performance33.

InWalkington andBernacki’s study, three experiment conditionswere
used to teach mathematics concepts using Cognitive Tutor: a surface per-
sonalization condition (n = 35), a deep personalization condition (n = 35)
and a control condition with no personalization (n = 36)35. The students
were also grouped based on their level of engagement with their interests,
which were then used to personalize the exercises. The authors reported
t-tests on the number of correct first attempts and correct answers per
minute in a post-test, along with their respective effect sizes. The results
indicated that students who received deep personalization hadmore correct
first attempts, with a small-sized effect, than those who received surface
personalization when their degree of engagement with the interest was high
(d = 0.39)35. The study found that students who received personalization
had a higher rate of correct answers per minute compared to the control
group, with a large-sized effect, but this effect was observed only among
those with a higher level of engagement with their interests (d = 0.92)35.
Additionally, students who received surface personalization had more
correctfirst attempts, with a small-sized effect, than thosewho received deep
personalization when their level of engagement with their interests was low
(d =−0.43)35. The same ITS, Cognitive Tutor, was also tested in a study by
Bernacki andWalkington34, where 150 eleventh-grade students inAlgebra I
used Cognitive Tutor for four months. Ninety-nine participants used a
personalized version based on an interest survey, while 51 participants used
the standard version34. Results suggest that this personalization significantly
improved students’ performance on a teacher-administered algebra exam
(β = 0.062, p = 0.045)34. These two studies’ results suggest that the perso-
nalization of the ITS is sufficient to improve students’ performance34,35.

Holstein et al. conducted a three-condition experiment with 286
middle school students who used the Lynnette ITS for a total of 60min over
two days49. The first experimental group used Lynnette along with the
complete versionof theLumilo glasses, enabling the teacher tomonitor their
activities and progress in real-time. The second experimental group used
Lynnette with a limited version of the Lumilo glasses, which shared less data
with the teacher. The control group used only Lynnette. The full version of
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Lumilo had a small positive effect size on student performance compared to
the control condition (r = 0.21) and compared to the limited version
(r = 0.11). These results corroborated with the authors’ hypotheses that
combining real-time teaching with AI, supported by the analytics of an ITS,
would enhance the student’s performance and learning surpassing the
effects ofmonitoring support alone and the effects of conventionalmethods
in ITS classrooms49. Only these authors acknowledged the potential impact
of novelty on the effectiveness of the ITS in facilitating learning.

Vest et al.51 conducted a study comparing two approaches to problem-
solving in basic algebra among 167middle school students. One group used
only an ITS for practice,while the otherworkedwith examples that required
selecting self-explanations before problem-solving activities. Participants
were recruited via an online database and word of mouth, comprising
57 sixth graders, 73 seventh graders, and36eighthgraders (oneunreported).
The study examined different types of worked examples, with or without
visual representations and warm-up activities. However, the authors found
little impact on student performance. These four conditions were con-
solidated into a single experimental group (n = 134) for comparison with a
control group (n = 33). In both conditions, students received immediate
feedback on their responses and could request scaffolded hints from the
tutor at any time. Pre-tests and post-tests assessed procedural and con-
ceptual knowledge, with results analyzed accordingly. The findings were
similar across both item types, showingno significant effect of the condition:
students with higher pre-test scores performed better on post-tests (pro-
cedural: F(1, 161) = 48.8, p < 0.001; conceptual: F(1, 161) = 90.62, p < 0.001).
However, when the number of problems solved was included as a covariate,
students in the experimental groupoutperformed those in the control group
on both procedural and conceptual post-tests (procedural: β = 0.28, F(1,
161) = 5.32,p = 0.022; conceptual:β = 1.23, F(1, 161) = 7.18,p = 0.008). This
suggests that generating self-explanations provided greater learning benefits
than simply solving a comparable number of problems.

Horvers et al.42 studied the use of an ITS platform already used daily by
four schools in 5th grade, involving a total of 114 students. Two schools
continued using it as usual for learning fraction simplification (control
condition), while the other two added goal-setting prompts via the Learning
Path app (experimental condition). The experiment lasted one week, with
55-min lessons each day. On the first day, students completed the pre-test
and received their first instruction on simplifying basic fractions. On the
second day, they learned to simplify mixed fractions; on the third day, they
worked on simplifying complex fractions; and on the fourth day, all three
topics were reviewed in an integrated repetition lesson. On the fifth day,
students completed the post-test. The ANCOVA revealed that students in
the co-regulation condition solved more problems (F(1,111) = 4.26,
p = 0.041, partial η² = 0.037) and had higher accuracy (F(1,112) = 45.68,
p < 0.001, partial η² = 0.290) than those in the control condition. This sug-
gests that engaging in co-regulation and goal-setting practices can support
monitoring in an ITS. Analyses also showed that the control condition had
higher learning gains than the experimental condition for complex fractions
(F(1,107) = 10.67, p = 0.001, partial η² = 0.091). However, similar learning
gains were found for basic fractions (F(1,107) = 0.90, p = 0.345, partial
η² = 0.008) and mixed fractions (F(1,107) = 2.24, p = 0.137, partial
η² = 0.021). Thus, students in both conditions learned equally well on easy
and intermediate topics, but for the most difficult topic, the control con-
dition outperformed the experimental condition.

ITS/No control. The four studies in this category did not include a
control condition in their experimental design.

In Özyurt et al., 81 students used UZWEBMAT for 32 h over eight
weeks in theirmathematics class45. At the end of the eight weeks, 26 of them
were interviewed. UZWEBMAT personalized the students’ learning paths
according to their learning styles. Of the interviewed students, 21 expressed
that their learningwas facilitated. According to the feedback provided, some
students found it helpful to be directed to the content of a different learning
style when they failed to complete an exercise, as it provided a different
perspective. Additionally, 18 students reported that they were able to

complete the assignments independently without the need for teacher
assistance45. This study’s results remind others previously described,
according to which personalization of the ITS can enhance its
effectiveness34,35.

In the study conducted by Chen et al., gender differences in cognitive
load were compared using pre- and post-tests and a cognitive load ques-
tionnaire among a group of 24 fourth-grade students who learned with
Zenbo47. The results of a sample t-test showed that boys had rated sig-
nificantly lower than girls, with medium-sized effects, for mental effort
(t = 2.859, p < 0.05, d = 0.825),mental load (t = 2.335, p < 0.05, d = 0.674), as
well as cognitive load (t = 2.844, p < 0.05, d = 0.872)47. Boys also out-
performed girls in the post-tests, but not significantly47. This study is the
only one specifically investigating gender differences in ITS effects on
learning and performance. The authorsmention that the gender differences
might be due to the fact that new technologies are more interesting and
engaging to boys, but more distracting to girls47.

In Roscoe et al., 113 students usedWriting Pal, which teaches English
as a first language, for an average of 16 h over a six-month period27. The
participantswrote an essay inNovember and another inMayon two similar
SAT prompts. Both pre-and post-study essays were graded, and their essay
scores increased significantly (t(112) = 5.85, p = 0.001, d = 0.71)27. The
authors also noted that positive changes were observed in essay structure
and lexical sophistication27.

In Khasawneh 2024, 300 high school students from various grades and
three schools used an ITS platform for eight weeks, integrated with their
math instruction. Apre-test and post-test evaluation of three cognitive skills
tools underwent thorough validation processes to confirm their reliability
and validity by experts. After a pilot test with 50 students, internal con-
sistency was assessed using Cronbach’s alpha coefficient (α = 0.80). Paired
samples t-tests compared pre-test and post-test scores, revealing significant
improvements in problem-solving (pre-test M = 65.4, post-test M = 72.8,
t(299) = 4.67, p < 0.001), critical thinking (pre-test M = 68.9, post-test
M = 74.3, t(299) = 3.82, p < 0.001), and logical reasoning abilities (pre-test
M = 63.2, post-test M= 70.1, t(299) = 3.45, p = 0.001). An ANCOVA ana-
lysis also showed a significant positive impact of the intervention on post-
test scores, controlling for pre-test scores, in problem-solving abilities (F(1,
298) = 10.21, p < 0.001), critical thinking abilities (F(1, 298) = 8.75,
p < 0.001), and logical thinking abilities (F(1, 298) = 7.92,p < 0.001) after the
intervention. These results suggest improvement after using adaptive
learning technology in mathematics instruction and indicate a beneficial
effect of the intervention on students’ cognitive ability enhancement.

Discussion
This systematic review aimed to assess latest developments in ITS research
and answer two research questions: 1)What experimental designs are used
to evaluate the effects of ITSs? 2) What are the effects of ITSs on K-12
students’ learning and performance?

Several noteworthy observations emerged from this review. In contrast
to Zawacki-Richter et al.‘s meta-analysis, in which a vast majority of the
analyzed articles were written by authors with Computer Sciences or STEM
backgrounds; the majority of analyzed articles in this review involved
researchers in the field of educational sciences12. This is encouraging, as it
enhances the reliability of the results regarding student learning and per-
formance. The annual number of publications since 2009 has remained
relatively constant, thoughmodest. TheUnited States andAsia, particularly
Taiwan, China, Thailand, Korea and Turkey, are the primary locations for
research on ITSs. None of the surveyed articles addressed ethical issues,
which is a concerning oversight given recent advancements in artificial
intelligence and associated ethical concerns.

Our analysis revealed that studies predominantly occurred in middle
and high schools, with a particular emphasis on STEM fields, followed by
languages. Holmes and Tuomi12 and UNESCO11 have highlighted that
certain educational aspects within disciplines such as STEM facilitate
research in these fields. The designs used are primarily quasi-experimental,
involving experimental and control groups with pre- and post-tests to
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measure effects. The wide range of intervention durations, withmany being
very short, may amplify the effect size due to the novelty effect. Only Hol-
stein et al. addressed this potential bias, which appears to be oversighted in
this research field49.

This review presented the various effects on learning and performance
documented in 26 publications. In comparison between an ITS and teacher-
led instruction, sevenout of eight articles reported apositive effect in favorof
the ITS, with a medium to large size effect. Choi observed that the effect of
ITS varied based on the educational level of participants31. It is difficult to
draw a general conclusion from these studies’ results, since the ‘traditional
teaching methods’ cannot necessarily be compared among all studies, and
since the subject matter also varies.

When comparing an intelligent to a non-intelligent system, the results
weremore contradictory. Only one of four studies showed an advantage for
ITS37, while the other three found no significant difference32,36. When
comparing different types of ITSs or different versions of an ITS, the
research tends to identify optimal conditions for using one ITS over another
or for using ITSs with different pedagogical modalities.

Given the challenge of identifying general trends in this category
and even more so to identify specific effects on learning and perfor-
mance, we synthesized the information embedded in the current
review sample to disentangle optimal conditions from the core
components and features required for a successful ITS deployment
that incorporates both technology tool use and encourages higher-
order thinking skills.

Regarding the core components of an ITS, personalization and
adaptivity appear to be part of a core of ITS components, which influence
their effectiveness. An ITS that tailors instructional content based on
individual student needs, prior knowledge, and learning styles tends to
produce better learning outcomes. Studies have demonstrated that per-
sonalized learning paths, such as those employed by Yixue28 and
UZWEBMAT45, can enhance learning gains by dynamically adjusting
content difficulty and scaffolding instruction based on real-time perfor-
mance. Another component is the capacity to provide immediate, real-
time, data-driven feedback essential for reinforcing learning during task
time. Unlike traditional pedagogical methods, where feedback may be
delayed, a ITS that provides real-time guidance can assist students in
identifying and correcting errors instantly. Systems such as Rimac32,33,53,54

and TECH830 have shown how adaptive feedback mechanisms can
enhance comprehension and accelerate learning. Integrating these com-
ponents into an ITS has the advantage of breaking down complex con-
cepts intomanageable steps individualized to each learner, supplying just-
in-time hints to reinforce learning and potentially improving student
engagement and retention.

Outside of these core components, the features that have thepotential
to increase the acceptance, efficacy and utilization of ITS are those that, in
combination, resolve pedagogical concerns and provide mechanisms for
oversight. Such as providing the facility to support blended learning
models that integrate teacher involvement38,49 and those supporting
mastery-based learning with self-regulated learning strategies. While ITS
can provide individualized instruction, they are reportedly most effective
when combined with teacher-led guidance. Studies, such as those on
WeWrite38 and Lynnette with Lumilo support49, emphasize that ITS
should be considered complementary tools rather than replacements for
educators. Furthermore, mastery-based learning support provides a
foundationuponwhich students can build progress towardmore complex
topics only once they have demonstrated proficiency in prerequisite
concepts, thereby helping to reduce learning gaps and equalizing negative
perceptions concerning learning progress between learners. Additionally,
ITS that incorporate self-regulation features, such as Cognitive Tutor’s
skill diary44, encourage students to assess their own progress and take
greater ownership of their learning. Self-regulation methods foster
metacognitive skills, allowing students to monitor and adjust their stra-
tegies formore effective learning.The results fromour sample indicate ITS
that encourage self-assessment, such as those incorporating skill-level

tracking or reflection prompts, improve self-regulation skills, leading to
improved learning outcomes.

Taken as a whole and for a givenmetric, the success of ITS integration
into an education ecosystem is contingent upon several interrelated factors,
including student engagement, sustained use, and individual learner char-
acteristics. An ITS that integrates gamification, real-world applications, and
interactive elements can increase motivation, providing a deep personali-
zation that enhances student interest and investment in learning. The
benefits of ITS upon learners also appear to increase with prolonged
exposure, as repeated interactions allow students to internalize concepts
more effectively, aligning with broader pedagogical findings on the benefits
of structured, long-term learning31,33. With reference to educators, repeated
exposure or, more correctly, familiarization with an ITS’ components and
features over time can lead to improved learning outcomes, as indicated by
Pane and colleagues with CTAI21. However, the effectiveness of an ITS can
vary based on learner individual factors such as prior knowledge, cognitive
load, gender, and developmental stage, with lower-performing students
often exhibiting greater benefits due to the tailored scaffolding these systems
provide47. Importantly, middle school students frequently demonstrate
more pronounced learning gains than their high school counterparts,
highlighting the importance of deploying ITS with differentiated instruc-
tional designs55,56 based on sound pedagogical principles and methods.

Overall, our results suggest that ITSs may indeed enhance students’
learning and performance in certain conditions and considering certain
modalities highlighted by research. Nevertheless, effects reported by ana-
lyzed studies are somewhat mitigated, and are hard to generalize due to the
great variations in experimental designs.

In conclusion, given that ITSs are considered one of the most exten-
sively researched AI applications for education according to UNESCO, the
limited quantity of articles found for this review was somewhat
unexpected15. However, the scope of this review may have been limited by
the selection of databases, criteria for inclusion and exclusion, and pub-
lication and reporting bias. Further research is needed to evaluate the effects
of ITSs on learning and performance in primary and secondary (K-12)
education.

Future research should assess the effects of ITSs with longer inter-
ventions, larger and more diverse sample sizes including younger students,
and better experimental control. For instance, it would be relevant for future
research to consider thepotential bias related to thenovelty effectof using an
ITS by utilizing longer interventions to assess this effect, such as in the
longitudinal study by Pane and colleagues21. It may also be relevant to
conduct further research comparing the effects of ITSs with traditional
teaching methods, especially in non-STEM subjects. The oftentimes
instructional nature of ITSs is frequently linked to a teaching approach
centered aroundknowledge transmission, typically seen in STEMsubjects15.
This approach can be viewed as traditional and not in line with modern
trends, such as collaborative teaching approaches57. However, AIEd as a
domain and, more specifically, ITS as the front end of AIEd are progressing
rapidly through constant innovation. The promise of AI to revolutionize
education is predicated on its ability to provide adaptive and personalized
learning experiences, thereby recognizing and nurturing the unique cog-
nitive capabilities of each learner. In this regard, ITSs within the current
sample appear to be well advanced toward providing this utility. More
broadly, it would appear that integrating ITS with pedagogical approaches
and practice presents unparalleled opportunities for personalized learning,
efficiency, global reach, and the democratization of education that were
previously unattainable through traditional educational approaches.

Regarding AI ethics in the deployment of ITS, the current sample of
reviewed articles largely overlooked ethical considerations. This oversight
highlights the need for scholars, researchers, and ITS implementers to draw
from the richAIEd literature related to the ethical concerns surrounding the
multiple dimensions associated with deploying AI-based solutions within
the education ecosystem. Finding the optimal balance between the benefits
of AI in education and addressing the ethical challenges it poses is essential
to deliver on the promise and potential of ITSs.
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Given the exponential progress in generative AI, ITS integrating this
technology will soon begin to emerge. Generative AI and now “thinking”
modelswill becomeprevalent in education, providing fertile ground for new
innovative research that investigates interactions with this new agentic
software artifact,with anunprecedented ability to adapt educational content
based upon natural interaction type interfaces.

Over a decade ago, VanLehn13 performed a review and comparative
analysis of ITS and human tutoring. The review at the time challenged the
assumption that human tutoring was vastly superior to computer-based
tutoring. However, he illustrated that step-based and sub step-based ITS
were able to achieve comparable effectiveness, with effect sizes ranging
from 0.75 to 0.80. His findings brought to focus the interaction plateau
hypothesis, which posits that while increasing interaction granularity
enhances effectiveness, a plateau is reached, beyond which further
refinement yields diminishing returns. Contrary to earlier estimates of a
2.0 sigma effect size, human tutoring exhibited amoremodest effect size of
0.79. This reinforced the notion that ITS can serve as a viable, cost-
effective alternative, particularly in large STEM courses (as demonstrated
by Pane et al.). According to VanLehn, both human tutors and ITS can
contribute to learning by providing feedback and scaffolding that can
facilitate self-reflection and improve students’ understanding, a
mechanism integral to problem-solving and conceptual mastery. Even
with the mixed results from our current review sample, it would appear
that the insights from VanLehn’s review are born out in the current ITS
landscape. Therefore, given their demonstrated efficacy, ITS should be
leveraged to supplement rather than replace classroom instruction, pro-
viding learning experiences in parallel to or outside direct teacher
guidance45. UNESCO has recognized the global challenge of teacher
shortages and high attrition rates, resulting in overcrowded classrooms
and overburdened educators58.

The overarching conclusion to this review is that AI and teachers can
collaborate effectively to optimize and facilitate student learning38,49. It is our
position that AI can and should be used to support the learning experience
of future generations and equip educatorswith tools to enrich their teaching
capabilities.

Methods
This systematic review adhered to the Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses (PRISMA) guidelines59,60.

First, keywords related to our research topic were identified (scoping).
Second, all retrieved articles were screened using the selected keywords to
determine which ones to include in the systematic review (screening).
Finally, the relevant data from the selected articles was extracted (extrac-
tion). The following subsections provide a detailed description of the
scoping, screening and extraction methods followed by the PRISMA flow
diagram.

Scoping method
A web search was conducted using the keywords ‘Education’ and ‘AI’ to
identify targeted keywords associated with ITSs, education, and learning at
the primary and secondary school levels, aswell as keywords associatedwith
learners. ERIC USDE (Education Resources Information Center U.S.
Department of education) and Scopus, two commonly used databases in
education, were targeted. ERIC USDE specifically targets education-related
papers, while Scopus is a more general database that lists computer science
papers. The review focused on general education and user-related syno-
nyms. Subsequently, specific synonyms of ITSs andAIwithin the education
field were identified.

Domain-Specific Keywords (Education): Table 2 shows the first few
papers sorted by relevance from the initial search in each of the two data-
bases. We screened these papers to identify new synonyms and found eight
for the domain. In the second search, we only identified one new synonym
using those from the previous step, sowe proceededwith the search for ITSs
and AI specific keywords.

Domain-Specific Keywords (ITSs and AIEd): Table 3 shows the initial
search which was broad to gather as many relevant synonyms as possible.
The second searchwas conducted using the six newly scoped synonyms.No
additional synonyms were identified from the first few papers screened in
the second search.

Final query: The final query included the terms listed in Table 4. Some
synonymswere excludeddue to their tendency to produce irrelevant results.
For instance, the term ‘ITS’ was removed because it generated numerous
articles related to health issues (ITS is the French acronym for ‘infection
transmise sexuellement’or sexually transmitted disease). Afilterwas used to
limit the results to publications released after 2009.

Papers identified with this final query were downloaded into
Covidence61, and the duplicates were automatically removed.

Screening method
The initial stage of the screening process involved establishing Inter-Rater
Reliability (IRR) between two screeners62. This was achieved by having both
screeners review the title and the abstract of at least 50 randomly selected
articles from the research bank and ensuring that there was less than 25%
conflict (IRR > 75%). If the IRR was over 75%, both screeners proceeded to
screen the articles, and both had the final say on whether to include the
articles until the screening phase was completed. If there were any con-
flicting articles during IRR testing, they were reintegrated into the next step.
If the IRR was below 75%, screeners received additional training and
restarted the IRR process.

To expand our scope, we added a snowballing step using the most
relevant articles sorted by Covidence61. The top 20 articles were imported
into ResearchRabbit63, and all articles linked to two ormore original articles
(n = 39) were included in the review.

Table 2 | Domain-specific (Education) keywords scoping results

First search Second search

Database Number of
papers retrieved

Number of
papers screened

New potential synonyms scoped Number of
papers retrieved

Number of
papers screened

New synonyms
scoped

ERIC 4761 7 Learning; Class; Pedagogy; Teaching;
Commitment; Proficiency; Beneficial;
Improvement; Motivation

37,804 4 Performance

Scopus 2,207,394 2 15,156 3

Table 3 | Domain-specific (ITSs and AIEd) keywords scoping results

First search Second search

Database Number of papers
retrieved

Number of papers
screened

New potential synonyms scoped Number of papers
retrieved

Number of papers
screened

New synonyms
scoped

ERIC 775 6 ITSs; learning systems; technology
enhanced; adaptive learning technology;
e-learning

38 5 –

Scopus 1437 2 725 6
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Inclusion Criteria: The review only included studies that focused on
ITSs. To determine whether an article was about an ITS, the definition used
during the screening process was taken from a meta-analysis on ITS27.

Intelligent tutoring systems (ITS) are computer-assisted learning
environments created using computational models developed in the
learning sciences, cognitive sciences, mathematics, computational
linguistics, artificial intelligence, and other relevantfields. ITS often are
self-paced, learner-led, highly adaptive, and interactive learning
environments operated through computers. ITS are adaptive in that
they adjust and respond to learners with tasks or steps to suit learners’
individual characteristics, needs, or pace of learning. (Steenbergeen-
Hu & Cooper, 2014, p. 970)

For this review, only peer-reviewed and empirical research published
in English between 2009 and January 14th 2025 (when the search was
conducted) was considered. The year 2009 was selected to provide an
overviewof the literature fromthepreviousdecadeprior to the emergenceof
Covid-19. The studies had to focus on students in grades K–12 within a
formal school context. Formal school contexts refer to educational institu-
tions that deliver certifications or degrees as part of their official educational
systems, as opposed to informal or non-formal education.

Exclusion Criteria: Research focusing exclusively on students with
learning disabilities, social impairments, or emotional disorders (e.g., stu-
dents with attention-deficit/hyperactivity disorder) were excluded to ensure
generalization of findings to a broader population.

Extraction method
The extraction process involved identifying relevant information in each
selectedarticle and recording in an extraction codebookwithinCovidence61.

This codebook listed the specific elements to address our research questions:
title; authors’ affiliation; mention of AI ethics; study design; country;
population description; school level; school subject; total number of parti-
cipants; study aim; controlled variable; dependant variables; duration;
results; analysis, limitations, and conclusions; and future research avenues.

To establish Inter-Rater Reliability (IRR) between two screeners, the
first extraction step required two extractors to independently complete the
extraction process for 10 randomly selected articles from the retrieved
bank62. The goal was to maintain less than 25% conflict (IRR > 75%). Once
the extractionprocesswas completed, a lead screener compared the answers
of the two screeners and asserted the IRR. If the IRR was too low, the lead
screener provided feedback and training to the two original screeners. In the
current case, the IRR stayed above 75%, this process was not needed.

Data analysis
The extracted data was initially organized to provide an overview of the
articles based on: authors’ affiliations; country; school level; school subject;
intervention duration; participants; date of publication; and mention of AI
ethics. Zawacki-Richter et al.’s systematic review regarding AI applications
in higher education inspired the elements of the extraction codebook12. The
data was subsequently analyzed based on the research questions. For this
phase of the analysis, we categorized studies based on their experimental
design.

Initial limitations
This review focused exclusively on articles written in English within the
fields of education and computer science. Restricting the selection to only
twodatabasesmight also have limited the scope of this review. In addition, it
is imperative to consider publication and reporting bias64. Therefore, any
systematic review may be more likely to report positive and significant
effects of ITSs. Finally, this systematic review focused specifically on the
effects of ITSs on learning and performance. Other educational variables,
such as interest, attitude or motivation towards school subjects, were not
considered in this review but should be considered in future research.

PRISMA flow diagram
The PRISMA Flow Diagram, shown in Fig. 2, presents the results of the
identification and extraction of the studies. A total of 948 records were
retrieved in Eric and Scopus, as well as through the snowballing process.
After removing 54 duplicates, 868 records were excluded during the
screening process as they failed to meet the inclusion criteria. Finally, 26
records were included in the review. It is important to note that two of
the included records, namely Cui et al.28 and Long and Aleven46, pre-
sented two different studies about ITSs in one article28,46. Therefore,
although the total number of articles was 26, the total number of studies
was actually 28.

Data availability
Data sharing is not applicable to this article as no datasets were generated or
analyzed during the current study.

Received: 16 April 2024; Accepted: 29 April 2025;

Fig. 2 | PRISMA flow diagram.

Table 4 | Final query

Domain Keywords

[Education] AND [Education OR Classroom OR Teaching OR Pedagogy]

[ITS] AND [“Tutoring system” OR “Tutoring systems” OR “Intelligent tutoring” OR “Adaptive learning technology” OR “Computer-based tutoring” OR
“Computer tutor” OR “Automated tutoring”]

[Performance] AND [Proficien* OR Beneficial OR Improvement OR Effectiv* OR Performance]

[K12] [K12 OR Secondary OR Primary OR “High school” OR “Elementary school” OR “Middle school” OR “Primary school”]

The asterisk (*) is a boolean search operator for truncation.
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