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ABSTRACT: Intelligent tutoring systems (ITS) are arti-
ficial systems that provide personalised instruction, re-
lying on student models to monitor cognitive states, such
as mental workload. Recent studies have increasingly en-
hanced this monitoring through the use of passive brain-
computer interfaces (BCI). In this review, we focused
on ITS that use BCI metrics to adapt their interven-
tions in real time. Following PRISMA 2020 guidelines
we searched PubMed, Web of Science, Scopus, Ope-
nAlex, and Semantic Scholar databases. We conducted a
risk-of-bias assessment using RoB 2.0, and performed a
meta-analysis to evaluate the impact of BCI-based ITS on
learning outcomes. We found a moderate-to-large pooled
effect size (SMD = 0.79) with a 95% confidence interval
[−0.08;1.65] suggesting a potential benefit of BCI-based
ITS. However, the wide confidence interval that includes
zero indicates substantial uncertainty. As this field is still
emerging, with most studies published after 2015, further
research is needed to strengthen the evidence base and
support more definitive conclusions.

INTRODUCTION

An intelligent tutoring system (ITS) is a computer-based
instructional system that provides personalised guidance
and feedback by adapting to a learner’s needs, perfor-
mance, and cognitive state, much like a human would in
a learning context. It can provide abstract knowledge for
formal education, e.g. mathematics [1] or biology [2],
or applied skill sets for professional settings. For in-
stance, the ITS called “CODES” provides a web-based
environment for cooperative music prototyping [3]. An
ITS consists of four basic components: Domain model,
Student model, Tutoring model combined within a User
Interface [4]. The Domain model, also known as Expert
model, is a collection of concepts, rules, and problem-
solving strategies of the domain to be learned. This Do-
main model can serve several purposes, for instance, it
can be used as a standard to evaluate the trainee’s per-
formance or be used to detect errors. The Student model
is a model that contains information on the trainee, such
as their cognitive states and emotional states. It aims at
monitoring these states during the step-by-step learning
of the trainee. The model can also flag when the stu-
dent model diverges from the domain model to provide a

correction. The Student model is often seen as the core
model of the ITS. Finally, the Tutor model receives input
from the two other models and provides decisions about
tutoring strategies or interventions through the use of the
User interface. To implement a Student model, an ITS de-
signer often relies on monitoring in real-time the trainee’s
levels of mental workload or engagement [5, 6]. Various
physiological sensors, including for instance heart rate
variability, oculomotor and electrodermal activity, have
been used to detect changes in these mental states [7, 8].
However, brain imaging techniques, such as electroen-
cephalography (EEG), are considered to offer a more di-
rect assessment of mental states in real-time [9]. As a
result, passive BCI, hereafter simply referred to as BCI,
have gained increasing attention within the ITS commu-
nity over the years.
In a large meta-analysis comprising 107 effect sizes from
14,321 participants, Ma et al. [10] provided strong evi-
dence that, in certain contexts, ITS can effectively com-
plement and even substitute for other instructional modal-
ities. Their findings indicated that ITS was associ-
ated with higher achievement compared with teacher-led
large-group instruction, non-ITS computer-based instruc-
tion, and textbook- or workbook-based learning. Instruc-
tional formats that did not appear to benefit from ITS,
however, were individualized human tutoring and small-
group instruction.
Previous literature reviews at the intersection of neuro-
physiological assessment and learning have focused on
different aspects. For instance, Xu et al. [11] have pub-
lished a survey investigating EEG-based BCI for emo-
tion recognition, such as happiness or sadness, in ITS.
They focused on the accuracy of the system, however,
its integration to actual ITS for inclusion in a Student
model was not discussed. Another recent review of ITS
focused on ADHD symptoms management through the
use of serious-games [12]. The authors found that such
ITS promote the acquisition of a wide range of cognitive
and socioemotional skills among children with ADHD,
including visuospatial working memory, attention and in-
hibition control, planning/organizing and problem solv-
ing. Overall, prior reviews have not examined how neu-
rophysiological data have been incorporated into ITS nor
whether such information yields additional benefits for
learning outcomes.
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In this literature review, we focus on studies of ITS-based
learning that implement real-time adaptation driven by
neurophysiological data reflecting the learner’s state,
such as engagement, attention, or mental workload. In
particular, we examine the details of the adaptation strate-
gies, signal processing methods and experimental design
choices used to assess these systems. Through a meta-
analysis, we seek to evaluate the effect of BCI-based
adaptation in ITS on learning outcomes.

MATERIALS AND METHODS

Study selection In this literature review we included
any ITS combined with a BCI. To that end, we incorpo-
rated ITS terminology from the classification of educa-
tional agents from Chou et al. [15] and main neurophys-
iological data acquisition methods. This resulted in the
following query applied to title and abstract content, de-
tails of the exact query applied to each database are given
in supplementary materials1:

[ "Intelligent Tutoring"
OR "Adaptive Tutoring"
OR "Learning Companion*"
OR "Co-learning Companion*"
OR "Co-learning Agent*"
OR "Emotional Companion*"
OR "Educational Companion*"
OR "Pedagogical Companion*"
OR "Emotional Agent*"
OR "Educational Agent*"
OR "Pedagogical Agent*"
OR "Tangible Interface*"
OR "Tangible Interaction*" ]
AND
[ "Brain Activity"
OR "Electroencephalography" OR "EEG"
OR "Magnetoencephalography" OR "MEG"
OR "fNIRS" OR "fMRI"
OR "Neurofeedback" OR "NF"
OR "Brain-Computer Interface*" OR "BCI" ]

Following PRISMA 2020 guidelines, we conducted this
search across PubMed, Web of Science, Scopus2, Ope-
nAlex, and Semantic Scholar2 databases on 16/12/2025.
The initial search yielded 325 references. After remov-
ing non-experimental studies and duplicates, 115 papers
were screened, of which 8 studies met the inclusion cri-
teria and were included in the analysis. Conference and
journal articles were included if they: (i) involved both
an ITS and measures of brain activity (ii) engaged par-
ticipants in a learning task (iii) used indices derived from
brain activity to adapt the ITS’s behavior or pedagogical
content. Studies were excluded if they: (i) were not pub-
lished in English (ii) were proof-of-concept reports based
on a single participant (iii) described experimental results

1https://gitlab.inria.fr/jipetit/passive_bci_and_
its_review

2Accessed via Publish or Perish 8 software.

or ITS already presented in a more detailed article. In
cases of duplicate reporting, only the most detailed and
comprehensive publication was included. No restrictions
were set with regards to study type or publication date.
The details of the identification, screening, and study in-
clusion are presented in Figure 1. After inclusion in the
review, we extracted the following information: protocol
design, sample size, the names of the ITS, their embod-
iment, the adaptation strategy employed, the brain sig-
nal modalities and systems used, the number of available
channels, the learning domain and outcome measures, as
well as details of the signal-processing pipeline, includ-
ing the types of temporal and spatial filters applied and
the indices derived from brain activity.

Risk of Bias We assessed the risk of bias for all stud-
ies included in the literature review using the revised
Cochrane Risk of Bias tool (RoB 2.0). When applicable,
we applied either the version designed for randomised tri-
als or the supplementary guidance for crossover trial de-
signs. Our assessment focused on the per-protocol effect,
examining adherence to the intervention as well as any
deviations or implementation failures that could have in-
fluenced the reported outcomes.

Meta-analysis To be included in the meta-analysis,
studies had to meet two additional criteria: (i) they re-
ported a measurable learning outcome associated with the
ITS, and (ii) they included both a control group and an in-
tervention group. Among these studies, we distinguished
two types of control groups based on how the control con-
dition was defined. Passive control groups referred to
studies comparing a BCI-based adaptive ITS (interven-
tion) with either a static ITS that provided no additional
adaptation or with no ITS at all (control). Active con-
trol groups, by contrast, compared the BCI-based adap-
tive ITS with an ITS delivering interventions similar in
form to those of the adaptive system, but generated ran-
domly or pseudo-randomly, and therefore unrelated with
the neurophysiological data. This second type of control
allows for a more balanced comparison by controlling for
the amount of intervention and isolating the specific con-
tribution of adaptivity. To account for this heterogene-
ity, the meta-analysis included control-group type as a
moderator. This approach yields an overall effect size,
subgroup-specific effects, and a test of between-group
differences.
One of the included studies had a cross-over design and
was analysed as a parallel-group trial [16]. This con-
servative approach, treating the two conditions as inde-
pendent groups, ignores the pairing and therefore inflates
the variance rather than the effect size, resulting in an
under-weighted contribution of this study rather than an
artificial gain in precision. Another study included mul-
tiple control groups that shared the same experimental
group [17]. In accordance with the recommendations of
the Cochrane Handbook for Systematic Reviews [18], we
divided the shared group size equally among the compar-
isons to avoid double weighting and maintain the statisti-
cal independence of the effects.
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Scopus
99

A

B

Corpus
325

OpenAlex
92

Semantic
Scholar

85

Web of
Science

40
PubMed

9

Overlap Analysis
254

Abstracts Read
115

IDENTIFICATION

Duplicates 
(n=139)

Books (n=21)

Conference Proceedings (i.e. collection of short 
paper duplicates or collection of abstracts) (n=18)

Theses and Dissertations (n=13)

Individual Abstracts, Preprints, Posters,
Paratexts, Datasets, Not English (n=19)

Methodology Screening
54

61 Rejected, lacks of:
- Brain Signals (n=8)
- ITS (n=32)
- Both (n=21)

Full-text Review
10

35 Rejected, lacks of:
- Learning (n = 1)
- BCI-based Adaptation (n = 31)
- Both (n = 3)

9 Rejected:
- No experiment or review paper (n = 5)
- Only abstract in English (n = 2)
- Paper not findable (n = 2)

8 Included for Analysis
2 Rejected:
- Single participant (n=1)
- Short version (n=1)

SCREENING INCLUDED

Figure 1: A. PRISMA diagram. B. Visual of two ITS: Top – User interface of the ITS in [13]. This ITS is not embodied. Down – ITS
Peanut [14]. All figures have been reproduced with the appreciated authorisation of their respective authors. More visuals and details
of the overlap analysis are presented as a Venn diagram in the supplementary material3.

To account for variability in assessment scales of the
learning outcomes and variability in experimental condi-
tions, we used the standardised mean difference (SMD)
as the effect-size metric and conducted a meta-analysis
using a random-effects model. Heterogeneity was as-
sessed using I2 and τ2. Given the small number of avail-
able effect sizes (k = 5 and k = 3 in subgroups), these
estimates should be interpreted with caution.

RESULTS

Eight studies were included in the literature review, of
which six met the inclusion criteria. At the same time,
two did not because they lacked a control group (crite-
rion (ii)) [19, 20]. The methodological characteristics of
these studies are summarised below, with additional de-
tails provided in the supplementary material3.
ITS Characteristics ITS representations varied
widely, ranging from humanoid robots and tangible
companions [14, 16, 17, 20, 21] to static facial images
animated through lip-sync software [19]. In [13] and [9],
the authors did not embody the ITS with either a
physical or virtual avatar. The former ITS is a video
player that provides a lecture on MRI; the latter is an
ITS called MENTOR designed to teach mathematical
notation called reverse Polish notation through a series of
pedagogical activities. Despite this diversity, their shared
purpose is to support learning by adapting instructions to
the learner’s cognitive or emotional state. Most systems
rely on an engagement index computed from the ratio
β/(α +θ) [9, 16, 17, 19, 21], sometimes complemented
by proprietary metrics of stress [21]. In [13], the

3https://gitlab.inria.fr/jipetit/passive_bci_and_
its_review

authors developed an ad-hoc “attention index” in a
preliminary study involving 32 participants. Candidate
indices included β/(α +θ), β/α , (β +θ)/α , and θ/α ,
computed for each available channel (Fp1, Fpz, Fp2, F3,
Fz, F4, C3, Cz, and C4). Participants were instructed to
rapidly identify a “d2” target (the letter d with two dots
above or below it) among visually similar distractors
(a “d” with only one dot, or a “p” replacing the “d”).
High task performance was interpreted as reflecting a
high attentional state. Based on these performances, the
authors selected the fourth-highest candidate, θ/α at
Cz, even though stronger candidates, such as β/(α +θ)
at C3, were identified, Cz was ultimately chosen due
to manufacturing considerations. Additionally, mov-
ing average techniques were commonly applied to
smooth the index over time and reduce false positive
ITS adaptations caused by transient fluctuations. For
example, [16] combined an exponentially weighted
moving average with a 4-s moving average window,
while [9] used a 40-s moving-average window. Only 2
studies did not use an engagement or attention index.
In [20], the authors implemented four types of filters,
each designed to highlight specific aspects of the user’s
brain activity on a humanoid tangible companion. For
example, to emphasise vision-related activity, they
applied a narrow band-pass filter centred on the α

frequency band (8–12 Hz), followed by spatial filtering
that retained channels located over and around the
occipital cortex (P3, Pz, P4, PO3, POz, PO4, O1, Oz, and
O2). The resulting α-band amplitude topomaps were
then projected onto the tangible companion. In [14], the
authors implemented a standard MI-based BCI pipeline
consisting of temporal filtering (8-30 Hz band-pass)
combined with spatial filtering using common spatial
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pattern filters. Band-power features were estimated via
log-variance, and classification was performed using a
shrinkage linear discriminant analysis.
All of these neurophysiological signals drive a variety
of adaptation strategies: repeating or simplifying con-
tent when engagement drops [19, 21], inserting mul-
timedia segments to enliven attention or provides sup-
plementary information [13], modulating a robot’s ges-
tures or prosody [16, 17], or selecting between worked
examples and problem-solving tasks [9]. Two systems
stand apart from these cognitive-state-driven approaches.
Frey et al. [20] implemented a tangible augmented-reality
tutor that does not adapt instructional content but in-
stead visualizes the learner’s brain activity in real time
through multiple EEG-based filters, aiming to foster con-
ceptual understanding of brain processes. Similarly, Pil-
lette et al. [14] adapted their system’s behavior based
on BCI performance during a mental-imagery tasks, pro-
viding emotional support and social presence through a
rule-based mechanism rather than monitoring cognitive
states. The learning domains addressed range from lan-
guage learning [16, 19] and mathematics [9] to computer
science [21], folk tale [17], mental imagery [14], and
neuroscience [13, 20], with outcome measures including
questionnaires [9, 13, 16, 17, 20, 21] or classification ac-
curacy [14, 19].
All studies relied on EEG to measure brain activity, with
an average of 14 channels, ranging from 1 [13, 17] to
32 [20]. Some studies did not specify the types of elec-
trodes used, but based on the referenced hardware, we in-
ferred that 6 out of 8 studies relied on wet electrodes [9,
13, 14, 19–21], while one study used dry electrodes [17].
Interestingly, [19] explicitly refers to dry channels despite
using the Emotive Epoc+ headset, which is a saline-based
system. In [16], the authors employed a Unicorn Hybrid
Black system (g.tec medical engineering, Austria), which
can use either wet or dry electrodes, but they did not spec-
ify which configuration was used.

Risk of Bias The methodological quality of the eight
included studies is summarised in Table 1. Overall, ev-
idence quality was moderate: three studies showed low
risk of bias, two showed some concerns, and only two
were rated as high risk. For the randomisation domain
(D1), all studies were at most single-blind and generally
provided limited information about their randomisation
procedures. For example, [17] did not report group ho-
mogeneity tests despite visible baseline differences, and
in [13], one passive control group was recorded before
the treatment group for calibration purposes, preventing
proper random allocation and resulting in “high risk” in
D1 for both studies. In [14], the control group con-
sisted of previously collected data, which also compro-
mised randomisation. However, because the study aimed
to evaluate the social presence of an ITS, reusing ear-
lier data reduced the risk of experimenter and participant
awareness to intervention, resulting in an overall assess-
ment of “some concerns”. Carryover effects (DS) were
unlikely in [16], as distinct pedagogical materials were

Table 1: Traffic light plot for Risk of Bias (RoB 2.0).
D1 DS D2 D3 D4 D5 Overall

[19] N/A N/A N/A

[20] N/A N/A N/A

[17] N/A

[13] N/A

[14] N/A

[9] N/A

[21] N/A

[16]

Legend. D1: Randomisation process; DS: Bias arising from period and
carryover effects (only in within-subject study); D2: Deviations from
the intended interventions; D3: Missing outcome data; D4:
Measurement of the outcome; D5: Selection of the reported result.

: Low risk; : Some concern; : High risk.

used across sequences. Deviations from intended inter-
ventions (D2) and missing outcome data (D3) were min-
imal, resulting in low risk for both domains. For the out-
come measurement (D4), most studies relied on objec-
tive assessments of learning outcomes, including multiple
choice questionnaires [9, 16, 21], open-ended and essay
questions [13, 20], or system performance metrics [14].
In [17], the authors did not specify the type of questions
used, other than noting that they assessed participants’
ability to recall details of the story. In [19], no learning
outcome assessment was provided, instead, the authors
reported only the system’s accuracy in recognising the
engagement index. The absence of control groups in [19,
20] limited between-group comparisons, led to “some
concerns”, while being of “low risk” for the other studies.
Finally, selective reporting (D5) was generally transpar-
ent, but the lack of preregistered protocols resulted in an
overall rating of “some concerns”.
Meta-analysis Six of the 8 studies included in the lit-
erature review met the inclusion criteria of the meta-
analysis [9, 13, 14, 16, 17, 21]. Collectively, these studies
provided 8 effect sizes because 2 studies included mul-
tiple control groups or treatment groups [13, 17]. Fig-
ure 2 presents the forest plot of the effect sizes measur-
ing the learning outcomes from the adaptive ITS. Stud-
ies including a passive control group were the largest
(treatment n = 52 and control n = 65), resulting in a
pooled effect size SMD of 0.89 [−0.77;2.54] (95%-CI)
and a statistically significant heterogeneity (I2 = 77.2%
[44.8%;90.6%], τ2 = 1.2 [0.2;17.4], p = 0.0015). Three
studies included an active control group (treatment n= 28
and control n = 33), resulting in an pooled effect size
SMD of 0.77 [−1.24;2.78] and a slightly smaller het-
erogeneity (I2 = 66% [0%;90.2%], τ2 = 0.4 [0.0;24.5],
p = 0.053). Overall, the pooled effect size SMD of
0.79 [−0.08;1.65] showed a statistical trend in favour
of neuroadaptative ITS (t7 = 2.15, p = 0.0689) and a
large statistically significant heterogeneity (I2 = 71.0%
[40.1%;86.0%], τ2 = 0.6 [0.1;5.4], p = 0.0011) calcu-
lated over a large set of participants (treatment n = 80
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Figure 2: Forest plot of the meta-analysis comparing two subgroups of control groups versus passive BCI-based ITS.

and control n = 98). Subgroup differences between the
two types of control group were not statistically signifi-
cant (χ2

1 = 0.02, p = 0.88).

DISCUSSION

Our meta-analysis revealed a statistical trend to-
ward a moderate-to-large positive effect (SMD = 0.79,
95% CI [−0.08;1.65], p = 0.07), suggesting a poten-
tial benefit of neuroadaptive ITS over standard ITS.
However, wide confidence intervals crossing zero, indi-
cate substantial remaining uncertainty. This uncertainty
likely arises from several factors, including small sam-
ple sizes, heterogeneous study designs, variable outcome
measures, and inconsistent signal processing pipelines.
As the non-significant subgroup-difference test suggests,
the type of control group alone does not account for
this variability. Interestingly, studies using active con-
trol groups, i.e., where participants received a balanced
amount of feedback, isolated more precisely the specific
contribution of adaptivity within the ITS. These studies
exhibited somewhat lower heterogeneity and therefore
provide more conclusive empirical evidence in favour of
BCI-based adaptive ITS. Greater standardisation in out-
come measures, assessment scales, included electrodes,
signal processing pipelines, and experimental protocols
would help reduce these discrepancies in future work
and improve comparability across studies. Finally, this
research area remains in its early stages, with all but
one study published after 2015. As additional studies
accumulate, uncertainty surrounding the true effect size
should decrease, allowing for more robust conclusions
about the effectiveness of neuroadaptive ITS.
The RoB assessment indicated moderate evidence qual-
ity, mainly due to limited use of preregistered proto-
cols and, more importantly, randomisation weaknesses.
Unlike clinical research, where preregistration tools are

well-established, this field currently lacks identifiable in-
frastructure, making preregistration less common. How-
ever, as more studies are needed to draw firm conclusions
on neuroadaptive ITS effectiveness, adopting more rig-
orous practices, particularly stronger randomisation pro-
cedures and, when feasible, double-blind designs, would
produce more robust evidence.
EEG signals are particularly relevant to measure cogni-
tive states. However, EEG-based monitoring of cogni-
tive and affective states should be cautiously included in
ITS. In [22], the authors show that EEG-based BCI re-
main limited for cognitive state monitoring due to low
spatial resolution, strong sensitivity to ocular and muscu-
lar artifacts, and fluctuations in electrode–skin impedance
that degrade signal quality. In turns, degraded signal
quality may result in poorer and unstable cognitive state
monitoring, like mental workload estimates. These fac-
tors should therefore be explicitly controlled, through
appropriate preprocessing, artefact rejection, impedance
monitoring, or predefined exclusion criteria, as they di-
rectly affect the reliability of the cognitive state moni-
toring. Also, EEG-based BCI suffers from pronounced
inter- and intra-individual variabilities, combined with
the non-stationarity of EEG, reduce model generalisation
across users and sessions [22]. Many cognitive and af-
fective states also share overlapping spectral signatures,
constraining classifier specificity and increasing misclas-
sification risks. In this context, the use of proprietary al-
gorithms for which little or no methodological informa-
tion is available should be avoided, as they prevent any
assessment of validity, reproducibility, or bias. By con-
trast, mental workload is one of the most studied cog-
nitive states in BCI research [23], with robust and re-
producible EEG markers, most notably, increased frontal
theta and decreased parietal alpha, making it a more re-
liable and promising target for future ITS applications.
Finally, even though dry electrodes are improving, wet

10.3217/978-3-99161-093-9-048

281

Proceedings of the
10th Graz Brain-Computer Interface Conference 2026

CC BY 4.0 - https://creativecommons.org/licenses/by/4.0/
This CC license does not apply to third-party material and content noted otherwise.



electrodes should still be preferred, as they provide higher
signal quality with fewer artefacts [24, 25].
Finally, in this review, we focused on ITS that adapt their
pedagogical content or feedback based on brain activity.
In future work, it would be relevant to compare the added
value of these brain-signal input with other physiologi-
cal measures, such as heart-rate variability, oculomotor
activity, or electrodermal responses [7, 8], which have
been used as reliable indicators of arousal, attention, and
cognitive effort. Integrating these modalities, alongside
EEG, could help disentangle overlapping cognitive states
and improve the robustness of adaptive ITS.

CONCLUSION

BCI-based ITS show promising potential to enhance
learning by adapting feedback and instructional be-
haviours to learners’ cognitive states. Despite hetero-
geneous embodiment, learning domains, and signal pro-
cessing methods, most systems relied on engagement or
attention-related indices to guide real-time adaptation.
Our meta-analysis suggests a moderate-to-large positive
effect, though the wide confidence intervals and limited
number of studies highlight substantial uncertainty. As
the field is still emerging, with generally small samples
and variable methodological reporting, more rigorous and
standardised studies are needed to reach definitive con-
clusions.
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