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Introduction ___ Method B Discussion

This systematic review synthesizes 32 studies 1. What we know

that bi ble bi i Identification of studies via databases and registers ] Al on wearable biometrics is emerging as a distinct line of work
at compbine wearable _ lIometric sens_ors (e'g_" R that goes beyond descriptive wearable studies in education

EEG, HR, GSR) with Al algorithms In 3 (Hernandez-Mustieles et al., 2024; Hong et al., 2025; Khosravi et
educational settings. Most works use machine 5 | | Recoras igentited rom al., 2022; Hashim et al., 2022).

. . = Databases (n =1) : . : :
and deep learning to classify short-term states : Registers (n =0) ML /DL mod_els on EEG and physiological s_lgnals reliably detect
_ _ i stress, attention, and related mental states in classroom-
such as stress, attention, emotions, and B proximate tasks, supporting adaptive support with Al-enabled
activity, often In small, lab-based samples_ l wearables (Chen & Lee, 2023; Gao et al., 2022; Islam et al.,

Evidence shows that these models can re“ably ) 2021; Zheng et al., 2021; Zhu et al., 2017; Taherisadr et al.,

, . . I?]e:_:mds screened " IT1&1_:nrds excluded 202 4).
detect learners’ psychophysiological states, but T e 5 What limits current work
real'time pe_rsor_lalizgtion,_ IongitUdir_‘al designs, l Evidence is dominated by short lab protocols, small samples,
and integration into intelligent tutoring systems Reports sought for refrieval _,| reportsnot retrievea and self-reported labels, with weak links to learning outcomes
remain rare. The review highlights opportunities | (n=1) and long-term classroom deployment (Islam et al., 2021; Chen &
for inclusi ' J ; q st h J : l Lee, 2023; Rakovi¢ et al., 2024).

Or Inclusive € _uca on ap stresses the ne_e “ it Personalization remains mostly at prototype stage and inclusive
to address privacy, ethics, and forthcoming i Coy, cesed Torelgbly L o] peports excludea: or collaborative uses are rare, with only a few examples for
regulations when deploying Al-enabled . neurodiverse students and classroom orchestration (Zheng et
wearables in schools and universities Reason 3 (n = 15) al., 2021; Prieto et al., 2018; Taherisadr et al., 2024).

' 3. Where to go next
e y Ethical and regulatory issues (privacy, user acceptance, EU Al
This pro ject iS pu blished in E {E‘;]I'Jjaj;i"ﬂuded in review Qct cotrr}plidar;ce()Eare Iargelg nT.gIectetd deds(p:ite higlhlgoszinsitive
T Reports of included studies IOMetric data (zuropean rFariiament an ouncii, :
Sensors 2025, 25(22), 7042. _i i Hernandez-Mustieles et al., 2024). Future research should tie
biometric-driven adaptation to robust educational outcomes, use
LLM-based personalization grounded in course knowledge
Inclusion criteria Exclusion criteria graphs and learner profiles, and integrate privacy-by-design into
Al-wearable ecosystems (Ahmed et al., 2025; Meng & Guo,
BaCkg round and Research Questions \C/I\;et::rable sensors collecting biometric COoqllgce;al;c datasets used (no original data 2025) ConCIUSion
. . Al / ML algorithms applied to biometric No biometrics collected Overa" takeawa
1. Wearable devices now provide reasonably data . y . . .
eliable measurements of ECG. HRV GSR Al applied to wearable biometrics can reliably detect stress,
) ! ] . — attention, engagement, emotions, fatigue, and activity in
PPG, and EEG and are widely used in —aucational context (school, UNIVErSIb, | o ar/ ML algorithms used . 993 J Y
sports medicine, cardiovascular care, and e educational settings.

State of the field
Evidence is promising but still prototype-oriented, based on

behavioral therapy (Bayoumy et al., 2021,

Zthe(;a)’g)et al., 2024; Li et al., 2016; Voss et “ short lab studies, small samples, and heterogeneous

| protocols, with weak links to actual learning outcomes and
2. In education, wearables are mostly used to classroom practice.
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descriptively monitor stress, engagement, or ;
activity, often with single-sensor setups,
while Al for personalized learning rarely
exploits continuous biometric data (Ahmed
et al.,, 2025; Hernandez-Mustieles et al.,

Implications for practice
Biometric signals could inform adaptive support, inclusive
education, and real-time classroom orchestration if

I I embedded in intelligent tutoring and learning platforms.
Future directions
l Run longitudinal classroom ftrials, connect biometric-driven
- - - - adaptation to robust learning gains, and design Al-wearable
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2024; Hong et al., 2025; Khosravi et al., )
2022).
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wearables, biometric signals, and Al requirements.
. . - - Figure 6. EEG Devices Used Across Studies.
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(a) Number of included studies categorized by publication type (conference or journal paper).

Figure 8. Diagram of the chain model described in [34].
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