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1 INTRODUCTION

Al-driven emotion recognition is an established research stream in affective computing,
human-computer interaction, educational technology, and child-oriented digital systems.
Previous reviews show that emotion recognition has advanced through facial-expression
analysis, speech processing, physiological sensing, and multimodal fusion, supported by
machine learning and deep learning algorithms [1]-[5]. These advances create
opportunities for systems that do not merely classify emotions but also support adaptive

responses in digital interaction environments.

For children, emotion recognition requires more cautious interpretation than adult-
centered affective computing. Children may express emotions through subtle,
spontaneous, and developmentally specific facial, vocal, and behavioral cues. Reviews of
technology-assisted emotion recognition Ffor autistic children show that Facial
expression, speech prosody, and physiological signals are frequently used; however,
challenges remain in stimulus design, labeling procedures, multimodal Fusion, and open
child-specific datasets [6], [7]. These limitations are relevant to child-oriented digital

environments because many systems still rely on adult or mixed-age datasets.

In this review, child-oriented digital environments refer to digitally mediated settings
designed for, adapted to, or substantially involving children, including digital play, serious
games, Al toys, AR/VR activities, online learning platforms, digital therapeutic applications,
and interactive child-computer systems. Digital play is treated as a central but not
exclusive context, while online learning and therapeutic applications are included only
when they involve child-oriented interaction and emotion-related Al, rather than general
classroom monitoring or clinical diagnosis alone. Therapeutic applications were included
when they functioned as digitally mediated interactive environments in which emotion-
related information influenced feedback, adaptation, interaction, or caregiver-relevant

interpretation, rather than because of their clinical diagnostic purpose.

In this review, the term child is used broadly to include early childhood, preschool, school-
age children, and youth when the study context involves child-oriented digital interaction,
emotion-related Al, or caregiver-relevant affective information. This broad scope is

necessary because the reviewed literature does not consistently use a single age
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boundary. Accordingly, no single numerical age threshold was imposed across the review;

reported participant ages were extracted at study level where available, and findings
were interpreted according to the developmental categories reported by the original
studies. However, the interpretation of emotional signals remains developmentally
sensitive. Crying, fear, sadness, anger, frustration, and withdrawal may have different
meanings depending on age, developmental stage, communication ability, play context,

and caregiver knowledge of the child.

Studies involving autistic children or neurodevelopmental conditions were treated as
eligible when they addressed child-oriented digital interaction, emotion recognition,
affective support, or caregiver-relevant emotion interpretation. These studies were not
treated as universally generalizable evidence for all children. Instead, they were
interpreted as an important subgroup that highlights population-specific challenges,
including atypical emotional expression, differences in social communication, dataset
representativeness, annotation reliability, and the need for cautious, context-sensitive

alert translation.

This review distinguishes three related concepts. Emotion recognition refers to the
computational inference of emotional states From facial, vocal, behavioral, physiological,
or multimodal signals. Emotion-responsive systems use such inference to adapt feedback,
interaction, learning support, or therapeutic activities. Early warning systems extend this
by translating uncertain emotion predictions into understandable, proportionate, and
caregiver-facing alerts. This distinction is important because most studies Focus on
recognition performance or adaptive interaction, while fewer address alert escalation,

caregiver notification, and Follow-up action.

The primary users of early warning systems are parents and caregivers, who are
responsible for interpreting and responding to children's emotional distress outside
clinical settings. Teachers, therapists, and platform providers are considered supporting
stakeholders influencing system design, deployment, governance, and ethics. From an
Information Systems perspective, the central contribution of this review is not limited to
Al-based emotion classification. The review focuses on the socio-technical layer through
which predicted emotional states are translated into explainable, proportionate, and

privacy-sensitive alerts for caregivers. This includes alert design, dashboard-based
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decision support, uncertainty communication, privacy governance, caregiver trust, and

responsible acceptance of emotional Al in child-oriented digital environments.

Existing reviews have explored emotion recognition techniques, multimodal affective
computing, learning environments, and ethical concerns, but rarely integrate these from
a socio-technical perspective linking sensing modalities, Al methods, child-specific
datasets, caregiver alerts, privacy, trust, and acceptance. Therefore, this review
synthesises literature on Al-driven emotion recognition and emotion-responsive systems
involving children, contributes a socio-technical framework toward Al-based child

emotion early warning systems, and identifies directions for future empirical validation.

2. METHODS

2.1. PRISMA Review Design

This study used a PRISMA 2020-guided systematic literature review [8], [9] with a
taxonomy-based narrative synthesis due to heterogeneous literature in design, data, Al
methods, and contexts. The review synthesised both technical evidence on child emotion
recognition and socio-technical aspects such as caregiver alerts, trust, privacy, ethics,

governance, and acceptance.

The study separated the core PRISMA corpus from a supplemental source audit. The core
corpus supported the PRISMA diagram, RQ mapping, and frequency analysis, while the
supplemental audit only documented source provenance and potential additional studies.
This ensured that only fully assessed studies contributed to the synthesis. Five research
questions were addressed, covering sensing modalities (RQ1), Al methods (RQ?2), datasets

and populations (RQ3), caregiver alert translation (RQ4), and socio-technical Factors (RQ5).

Scopus and IEEE Xplore were designated as the core databases because the formal
PRISMA screening workflow was initially executed on these two sources. Scopus provided
multidisciplinary coverage across computer science, information systems, education,
psychology, and technology-related research, whereas |IEEE Xplore complemented the
search with engineering-oriented literature in artificial intelligence, affective computing,
sensing, and interactive systems. SpringerLink, PubMed, ScienceDirect, and Emerald were
subsequently examined as supplemental sources to assess source provenance and

potential evidence expansion. Because these additional records had not completed the
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same harmonized eligibility assessment, quality appraisal, and structured extraction

workFlow for all candidates, they were not retrospectively merged into the fixed core

corpus.

2.2. Search Strategy and Database Fields

Core data were retrieved from Scopus and IEEE Xplore on 17 June 2026. Scopus was
chosen for its multidisciplinary coverage, while IEEE Xplore was selected for its relevance
to Al and sensing technologies. Searches used TITLE-ABS-KEY in Scopus and metadata
Fields (title, abstract, index terms) in IEEE Xplore, limited to English peer-reviewed

publications from 2020-2026.

The search combined Ffive blocks: emotion recognition, child population, digital
environments, Al methods, and socio-technical factors. The mandatory socio-technical
search block was intended to align retrieval with the Information Systems Focus of this
review, particularly trust, privacy, ethics, acceptance, perceived risk, governance, and
caregiver relevance. However, this choice introduced a sensitivity-specificity trade-off:
technically relevant child emotion-recognition studies may have been missed when they
did not explicitly mention socio-technical terms in searchable metadata. Future updates
should therefore use two complementary search streams: a technical search focused on
child emotion-recognition methods and a socio-technical search Focused on governance,
trust, privacy, ethics, acceptance, caregiver alerts, and responsible implementation. The
two evidence streams can subsequently be integrated during Full-text screening and

synthesis.

1) Scopus search string:
TITLE-ABS-KEY (("emotion recognition" OR "affective computing" OR "emotional Al" OR
"automated emotion recognition" OR "facial emotion recognition”)
AND (child* OR children OR toddler* OR preschool OR "early childhood")

*1

AND ('digital play" OR game™* OR "serious game™ OR "online learning" OR "interactive
system" OR "Al toy™ OR "child-computer interaction”)
AND ("deep learning" OR "machine learning" OR CNN OR "convolutional neural network"
OR "vision transformer" OR ViT OR multimodal OR "facial expression recognition")
AND (trust OR privacy OR ethics OR acceptance OR "parental acceptance" OR

"technology acceptance" OR "perceived risk"))
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2) IEEE Xplore search string:

("emotion recognition" OR "affective computing” OR "emotional Al" OR "automated
emotion recognition" OR "facial emotion recognition”)
AND (child* OR children OR toddler* OR preschool OR "early childhood")

*1

AND ('digital play" OR game™* OR "serious game™ OR "online learning" OR "interactive
system" OR "Al toy™ OR "child-computer interaction”)
AND ("deep learning" OR "machine learning" OR CNN OR "convolutional neural network"
OR "vision transformer" OR ViT OR multimodal OR "facial expression recognition")
AND (trust OR privacy OR ethics OR acceptance OR "parental acceptance" OR

"technology acceptance" OR "perceived risk")

For the supplemental source audit, the master search logic was adapted to the syntax
and metadata structure supported by SpringerLink, PubMed, ScienceDirect, and Emerald.
The conceptual search blocks—emotion recognition, child population, child-oriented
digital context, Al or computational method, and socio-technical factors—were preserved
where supported by the database interface. Exact syntax, searchable Fields, phrase-
search behavior, and export capabilities differed across platforms; therefore, the
supplemental searches should be interpreted as adapted source-provenance and
sensitivity searches rather than exact replications of the core Scopus and IEEE Xplore
search. The low IEEE Xplore yield is consistent with the restrictive conjunction of the five
mandatory search blocks. However, because no search-block ablation or sensitivity
analysis was performed, the low yield cannot be attributed exclusively to the socio-
technical block. Future sensitivity searches should compare retrieval with and without

mandatory socio-technical terms.

2.3. Eligibility Criteria

Studies were included if they addressed Al-based emotion recognition involving children
or child-oriented digital systems such as games, Al toys, AR/VR, online learning, or
interactive platforms. Exclusions covered adult-only studies, unrelated affective
computing, non-interactive clinical studies, and non-peer-reviewed or inaccessible
sources. Autism and neurodevelopmental studies were included when relevant but
treated as specific contexts. Mixed-population studies were included only if child-related

contributions were clear.
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Table 1. Review protocol summary

Component Specification
Systematic literature review with taxonomy-based narrative
Review type
synthesis
Guideline PRISMA 2020

Core databases

Scopus and IEEE Xplore

Supplemental

source audit

SpringerLink, PubMed, ScienceDirect, and Emerald; used only for

source-provenance checking and contextual interpretation

Publication year

2020-2026

Document type

Peer-reviewed journal articles and reputable conference papers

Core domains

Al-based emotion recognition, child emotion recognition, child-
oriented digital environments including digital play, caregiver-
Facing alerts, trust, privacy, ethics, governance, and caregiver or

parental acceptance

Synthesis Descriptive mapping, thematic synthesis, gap analysis, and
method conceptual framework development
Scopus and IEEE Xplore: 17 June 2026. File-stamped supplemental
Search and

export dates

exports: SpringerLink, 3 May 2026; PubMed, 11 April 2026;

ScienceDirect and Emerald, 2 June 2026.

Evidence status

The PRISMA flow diagram, Figures 2-6, and all RQ-specific
frequencies are derived exclusively from the core full-text
screened corpus (n = 32). Supplemental records are reported only
as source-provenance and contextual audit evidence because 219

DOl-level candidates remain pending equivalent review.

Supplemental

audit boundary

Details of the supplemental source audit are reported in Appendix

A and are not included in the core PRISMA counts.

Table 2. Eligibility criteria

Criterion Inclusion criteria Exclusion criteria
Studies unrelated to emotion
. Studies discussing emotion . )
Topic recognition or affective

recognition, affective )
computing
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Criterion Inclusion criteria

Exclusion criteria

computing, emotional Al, or

automated emotion recognition

Studies involving children, early
childhood, preschool, youth,
Population/context
parents, caregivers, or child-

oriented systems

Studies focused only on
adults without child-related

implications

Studies using Al, machine

learning, deep learning,

Studies without Al, sensing, or

Technology computer vision, speech
computational analysis
processing, sensors, or
multimodal fusion
Child-oriented digital Generic emotion studies
environments, including digital without a child-oriented
play, games, serious games, Al digital context; general
toys, AR/VR, online learning, classroom monitoring without
digital therapeutic applications, emotion-recognition
Application

interactive systems, and child-
computer interaction, when
emotion recognition or
emotion-responsive interaction

is central to the study

relevance; adult-only systems
without child-related

implications; clinical diagnosis

studies without interactive or

infFormation-system relevance

Studies addressing trust,

Socio-technical privacy, ethics, governance,

Studies lacking relevance to

the research questions after

Factor caregiver or parental )
) ) Full-text screening
acceptance, or perceived risk
Non-peer-reviewed sources,
o English peer-reviewed sources inaccessible Full texts,
Publication

from 2020-2026

duplicates, or editorials

without method
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2.4. Screening, Quality Appraisal, and Consensus Procedure

The process included identification, screening, eligibility, quality appraisal, and inclusion.
From 400 records (398 Scopus, 2 IEEE), 69 were assessed in full text, and 32 were included
after exclusions. Screening and extraction were conducted by the First author, with
decisions validated through co-author consensus. Because the workflow used single-
reviewer screening and initial extraction fFollowed by co-author validation rather than
independent dual screening, no formal inter-rater agreement statistic was calculated.
Uncertain classifications and disagreements identified during co-author validation were
discussed until a consensus decision was reached. Quality appraisal used seven criteria:
objective clarity, relevance to child or child-oriented digital-environment context, dataset
or data-source transparency, Al method or system clarity, evaluation adequacy, attention
to ethics/privacy/bias, and limitations disclosure. Each criterion was scored From O to 2,
yielding a maximum score of 14. Scores of 11-14 were classified as high quality, 7-10 as
moderate quality, and 0-6 as low quality. The study-level quality-appraisal matrix,
including C1-C7 scores, total scores, quality categories, and key methodological

weaknesses, is provided in Supplementary Table S2.

2.5. Data Extraction and Non-Exclusive Coding

Data extraction captured study details, population, modality, dataset, Al method, system
Function, evaluation, and socio-technical aspects. Coding was non-exclusive, allowing
studies to belong to multiple categories. The data-extraction Form included bibliographic
information, research context, child age group, population type, sensing modality, dataset,
Al method, emotion labels, system Function, evaluation metrics, stakeholder involvement,
trust-related factors, privacy and ethical issues, key findings, limitations, and relevance
to caregiver-facing early warning systems. The structured data-extraction form is
provided in Supplementary File S3, and the seven-criterion quality-appraisal codebook,
including scoring definitions and quality-category thresholds, is provided in

Supplementary File S4.

A structured coding guide was used to operationalize category assignment across RQ1-
RQ5. Coding was non-exclusive: a study could receive more than one code within a
research question when multiple modalities, methods, populations, system Functions, or
socio-technical Factors were explicitly reported. For example, a study involving autistic

children and Facial-expression recognition could simultaneously contribute to the child
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population, ASD/neurodevelopmental subgroup, Facial/visual modality, Al-method, dataset,
and ethics/privacy categories where applicable. Studies involving multiple populations
were coded into each applicable population category; therefore, category frequencies
are non-exclusive and should not be summed to derive the total number of studies
Analysis used descriptive mapping, thematic synthesis, and gap analysis. RQ1-RQ2
Focused on technical aspects, RQ3 on datasets and populations, RQ4 on caregiver alerts,

and RQ5 on socio-technical Factors.

2.6. Supplemental Source Audit

A supplemental audit from SpringerLink, PubMed, ScienceDirect, and Emerald identified
additional studies and verified source provenance. Duplicate detection used DOI or title
matching. These records were excluded from the core synthesis because 219 candidates
had not completed full evaluation. Consequently, supplemental records were not used to
calculate PRISMA counts, RQ-specific frequencies, evidence-map frequencies, or core
quality-appraisal statistics. They are reported separately in Appendix A for source-

provenance documentation and future review expansion.

2.7. Supplementary Materials and Reproducibility

To strengthen methodological transparency, Supplementary Table S1 provides the study-
level characteristics of the 32 core included studies, Supplementary Table S2 provides
study-level C1-C7 quality-appraisal scores, Supplementary File S3 provides the structured
data-extraction form, and Supplementary File S4 provides the seven-criterion quality-
appraisal codebook. A study-level list of Full-text exclusions and reasons is provided in
Supplementary Table S5. Supplemental source-provenance and staged-screening

information is reported separately in Appendix A.

3. RESULTS AND DISCUSSION

The core database searches yielded 400 records: 398 from Scopus and two from IEEE
Xplore. No duplicate records were identified during core deduplication. Following title-
and-abstract screening, 69 reports underwent full-text eligibility assessment. Thirty-
seven reports were excluded according to the predefined criteria, leaving 32 studies for

qualitative synthesis and RQ-based evidence mapping.
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A supplemental audit was conducted to document source provenance beyond Scopus

and IEEE Xplore. Because 219 DOl-level candidates had not completed equivalent full-
text eligibility review, quality appraisal, and structured data extraction, these records
were not incorporated into the RQ-specific synthesis, PRISMA count, or evidence-map

frequencies. Details of the supplemental audit are provided in Appendix A.

The RQ-specific graphs are based exclusively on the core included corpus (n = 32). Counts
are non-exclusive because a study may address more than one modality, method family,
dataset context, or socio-technical Factor. The graphs should therefore be interpreted as
evidence maps rather than mutually exclusive frequency distributions. To improve
transparency while preserving readability, Table 3 presents aggregate characteristics of
the core corpus, while complete study-level characteristics are reported in

Supplementary Table S1.

Table 3. Aggregate characteristics of the 32 core included studies

Evidence component Summary

Core included studies 32 studies

Technical emotion-recognition studies, systematic reviews,
Main evidence types ) )
child-oriented systems, ethical/governance studies

Facial/visual, physiological/sensor, speech/audio, multimodal
Dominant modalities
sensing

Dominant Al/system  CNN/deep CNN, multimodal Fusion, Transformer/ViT, classical

Families ML, XAl, real-time/loT systems
Main population Children/young children, ASD/ADHD contexts, youth/students,
contexts parents/caregivers, mixed-age datasets
Supplementary Full study-level extraction is provided in Supplementary
extraction table Table S1

Supplementary Table S1, provided as an accompanying supplementary file, contains the
complete Core_Studies_32 extraction and quality-appraisal matrix for the 32 core
included studies. The quality-appraisal summary is presented in Table 4. Each study was
assessed using seven criteria with a3 maximum score of 14. Studies scoring 11-14 were
classified as high quality, 7-10 as moderate quality, and 0-6 as low quality. The most

frequent weaknesses involved limited child-specific dataset transparency, incomplete
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reporting of ethics/privacy considerations, limited ecological validation, and brief

disclosure of study limitations.

Table 4. Quality-appraisal summary of the 32 core studies

Metric Value Interpretation
Core included studies
32 Core corpus remains fixed.
scored
High quality count 28 High = 11-14
Moderate quality count 4 Moderate = 7-10
Low quality count 0] Low = 0-6
Average QA score 12.03 Mean of C1-C7 total score
Minimum QA score 9 Lowest score among S1-S32
Maximum QA score 14 Highest score among S1-S32

Note. The complete study-level quality-appraisal matrix, including C1-C7 scores, total
score, quality category, and key methodological weakness For each core study, is provided

in Supplementary Table S2.

3.1. RQl Sensing modalities For child emotion recognition

Figure 2 shows that Ffacial or visual sensing was the most frequently represented
modality, appearing in 19 of the 32 included studies. Physiological or sensor-based signals
and speech or audio was each coded in seven studies, followed by multimodal or
multichannel sensing in six studies and gameplay or interaction traces in Five studies.
Text or dialogue and gesture or pose appeared in two studies each, while eye tracking or
gaze appeared in one study. Because the categories are non-exclusive, several studies
combined more than one sensing channel. The pattern indicates that camera-based facial
analysis remains the main technical foundation of the corpus, largely because it can be

integrated into existing digital environments.
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Figure 1. Core PRISMA 2020 study-selection flow
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Table 5. Evidence maps by research question

RQ Analytical Focus Core evidence/counts Key Finding

Facial/visual n=19;

physiological/sensors n=7; Visual sensing dominates;

Sensing speech/audio n=7; multimodal multimodal evidence

RQ1
modalities n=6; gameplay/interaction n=5; remains comparatively

text/dialogue n=2; gesture/pose limited.

n=2; gaze n=1

CNN/deep CNN n=12;
CNN-based methods

multimodal/fusion n=6;
dominate, while

Al Transformer/ViT n=5;
Transformer, XAl, and

RQ2 methods/model acceptance/governance n=5;
real-time

classical ML n=4; XAl n=3; real-

Families ) ) )
implementations remain

time/loT/Fog n=2; generative/AR
emerging.

n=1

Evidence is

heterogeneous, with
Children/young children n=27;

general/all-age n=10; ASD/ADHD

substantial

Population and

RQ3
dataset context n=10; youth/students n=6;

neurodevelopmental and
mixed-age representation
parents/caregivers n=5

and limited

generalizability.

Evidence For emotion

Alert translation Emotion-responsive systems recognition is stronger

RQ4 and system and caregiver-facing alert than evidence for

design translation: n =12 operational caregiver-

Facing alert translation.

Privacy/security n=9; Privacy and governance

ethics/governance n=7; receive more attention

Socio-technical
RQ5

acceptance/intention n=5; than empirically validated

Factors )
caregiver acceptance or

parental/caregiver role n=5;

transparency/XAl n=4; trust n=2; trust.

Ratih Titi Komala Sari Widowati et al | 5304



Published By
ll» Asosiasi Doktor
Ll ; Sistem Informasi Indonesia

RQ Analytical Focus Core evidence/counts Key Finding

accuracy/reliability n=2;

risk/moral risk n=2

Note. Counts are non-exclusive; a single study may contribute to more than one category

within or across RQs. All counts derive exclusively from the 32 core included studies.

Child-fFocused work on gaming [20], engagement recognition [29], and pediatric mobile
classification [27] illustrates the prominence of Face-based analysis. However, the
evidence does not support treating Facial cues as sufficient for every child-oriented
digital setting. A child's face may be partially occluded, weakly expressive, or difficult to
interpret without information about voice, posture, interaction difficulty, or child-
oriented interaction context. Multimodal designs may improve interpretation in such
cases, but they also introduce additional requirements For synchronisation, consent,

secure data handling, and computational efficiency.

Facial / visual | 19

Physiological / sensors _ 7
Speccn  aucio N 7
Multimodal / multichanne! I ©
Gameplay / interaction _ 5
trace
Text / dialogue - 2
Gesture / pose / body - 2
Eye tracking / gaze -. 1

0 5 10 15 20
Number of included studies (non-exclusive coding)

Figure 2. Evidence map of sensing modalities in the core PRISMA corpus (n = 32; non-

exclusive counts).

3.2. RQ2. Al methods and model families

Figure 3 shows that CNN or deep CNN models were the most common method fFamily,
appearing in 12 studies. Multimodal or fusion models appeared in six studies, Transformer
or Vision Transformer approaches in five studies, and acceptance or governance

Frameworks in Ffive studies. Classical machine-learning methods, including SVM and
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decision-tree approaches, appeared in four studies, while explainability-focused studies

appeared in three studies. Real-time, 0T, or fog-based implementations were Found in
two studies, and one study addressed a generative or AR-assisted system. These
categories are non-exclusive and should not be interpreted as a standardised benchmark

comparison across identical datasets.

The dominance of CNN-based approaches reflects their maturity for image-based Facial-
expression recognition and transfer learning. Transformer-based methods are emerging,
but the reviewed studies use different datasets, sample sizes, emotion labels, and
evaluation procedures; therefore, the corpus does not justify a general claim that one
architecture consistently outperforms another. Santoso et al. [20], Radocaj and Martinovic
[19], and Banerjee et al. [27] demonstrate the relevance of child-specific modelling, while
the broader evidence suggests that model selection should consider dataset suitability,

class balance, inference latency, and interpretability alongside predictive performance.

CNN / deep CNN -| | 12

Acceptance / governance _ 5
framework
Classical ML/ SVM / DT { i 4
XAl / explainability _ 3
Real-time / 10T / fog - 2

Generative / AR-assisted _- 1
r

system

0 2 4 6 8 10 12 14 16
Number of included studies (non-exclusive coding)

Figure 3. Evidence map of Al method and system families in the core PRISMA corpus (n

= 32; non-exclusive counts).

3.3. RQ3. Dataset and population Focus

Figure 4 shows that the core corpus is child-oriented but methodologically
heterogeneous. Of the 32 included studies, 21 were coded as involving children or young
children; however, 10 studies also included general or all-age populations, 10 Focused on

ASD or ADHD contexts, six involved youth or students, and Five involved parents or
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caregivers. Because these categories are non-exclusive, the figure does not indicate a

single representative child dataset. Instead, it shows that the available evidence is drawn
From clinical, assistive, educational, and general affective-computing settings, each with
different interaction conditions. For example, Santoso et al. [20] examined children’s Facial
expressions in a3 gaming context, whereas Radocaj and Martinovic [19] Focused on autistic
children. These studies are relevant to child emotion recognition, but their findings
cannot be assumed to represent spontaneous emotional expression across all child-

oriented digital settings.

Dataset suitability, therefore, remains a central limitation. Banerjee et al. [27]
demonstrated the value of a pediatric Facial-expression classifier for mobile devices,
while Kim et al. [28] showed that Facial emotion recognition performance may differ
across age groups. For an early warning system, model evaluation should report the child
age range, data-collection setting, emotion-class distribution, annotation procedure, and
performance across relevant subgroups. The proposed system should consequently treat
predicted emotion labels as probabilistic signals For caregiver awareness, not as definitive

statements about a child’s psychological condition.

Children / young children { 21
Children with ASD / ADHD _ 10
Youth / students - 6
Parents / caregivers - 5
I T T T T T
0 5 10 15 20 25
Number of included studies (non-exclusive coding)

Figure 4. Population and dataset contexts in the core PRISMA corpus (n = 32; non-

exclusive coding).
3.4. RQA4. Early warning translation and emotion-to-alert mapping

Figure 5 should be interpreted as a proposed decision-support structure rather than as

a frequency-based result. The reviewed studies provide evidence that emotion
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recognition can be incorporated into real-time feedback, intelligent tutoring,

participatory serious games, and child-oriented interactive systems [22], [26], [30]
However, the core corpus does not establish a common threshold for when a detected
emotion should lead to logging, monitoring, caregiver notification, or intervention. Model
accuracy alone is insufficient For this purpose because the significance of an emotion
may depend on its duration, recurrence, interaction context, and prediction confidence.
Ethical guidance for affect detection and Al in games also supports a cautious approach

in which system outputs are explainable and do not overstate their certainty [31], [32].

Based on this gap, the present study proposes a three-level alert mechanism. Happy and
neutral are classified as No Alert states because they do not ordinarily require caregiver
notification. Sad and fear are placed in the Watchlist category because their meaning
may depend on duration, recurrence, model confidence, and the child-oriented digital
context. Fear may warrant escalation when it persists, recurs, or appears with additional
signs of avoidance or distress, but a single fear Iabel in a game, AR, or learning context
may also reflect surprise, challenge, or play-related tension. Angry and crying are
classified as High Alert candidates because they may indicate more immediate distress
and may justify caregiver notification when the signal persists, recurs, or is detected with
high confidence. In practical implementation, alert sensitivity should also be configurable
according to caregiver preferences, provided that such configuration does not override
essential child-safety and privacy safeguards. Crying should also be interpreted
cautiously because its meaning depends on age, developmental stage, duration, context,
and caregiver knowledge of the child. This mapping is a conceptual design outcome of
the review, not a universal or clinical standard; its notification rules and caregiver

response options require empirical validation.

Six recognized emotions are mapped into three caregiver-facing alert categories

s \ ( " I N
NO ALERT | WATCHLIST | HIGH ALERT
Happy > sad > Angry
Neutral Fear Crying
. . " Priority caregiver review
Routine logging Monitor trend 2 N
L No notification ) \ Review if repeated ) L Noft'lligl'\lfczi%s:etslg; or )

Figure 5. Proposed design mapping of Al-inferred emotions to caregiver alert

categories.
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Table 6. Proposed operational emotion-to-alert mapping.

Al
. Alert
inference Decision meaning System action
category
label
Positive or
Happy No Alert comfortable No notification; optional logging
interaction signal
Baseline, non-distress No notification; continue
Neutral No Alert
signal monitoring
Possible low-intensity Log and monitor persistence,
Sad Watchlist
distress recurrence, and confidence
Log and assess repetition,
Possible situational
Fear Watchlist duration, and interaction
distress
context
Notify the caregiver when
Angry High Alert  Possible active distress persistent, repeated, or high-
confidence
Observable high- Send priority notification for
Crying High Alert
distress signal caregiver review

Note. This mapping supports caregiver awareness and is not a clinical diagnosis. Alert
escalation should consider duration, recurrence, prediction confidence, multimodal
agreement, interaction context, child age or developmental stage, and caregiver
preferences or configurable alert settings, rather than relying on a single predicted

emotion label.

3.5. RQS. Trust, privacy, ethics, and caregiver or parental acceptance

Figure 6 shows that privacy and security were the most frequently coded socio-technical
Factors, appearing in nine studies. Ethics and governance appeared in seven studies, while
acceptance or intention and parental or caregiver roles were each represented in five
studies. Transparency or explainability appeared in four studies, whereas trustworthiness,
accuracy or reliability, and moral risk were each identified in two studies. These non-
exclusive counts do not indicate causal strength; rather, they show that child emotion-

recognition systems are discussed not only as technical tools but also as systems
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involving governance, caregiver involvement, and responsible data practices. McStay and

Rosner [12] highlight ethical and governance concerns in emotional Al For children's
devices, while Ho et al. [13] relate moral-risk awareness to acceptance of emotional Al
Afroogh et al. [17] Further describe trust in Al as dependent on both technical reliability

and institutional conditions.

For the proposed early warning system, acceptance should not be assumed to follow
from prediction accuracy alone. The system should provide understandable notifications,
parental or caregiver control over data collection and alert settings, clear consent
procedures, child assent where appropriate, data minimization, retention limits, secure
storage, transparent deletion procedures, and a visible explanation of uncertainty when
emotion predictions are displayed. These elements can be examined in subsequent
empirical research through perceived usefulness, perceived accuracy, trust, privacy
concern, ethical risk, satisfaction, and adoption intention. Such a design positions the
system as a privacy-sensitive service that supports caregiver awareness rather than as

a surveillance tool or automated diagnostic system.

Privacy / security-{ 9

Terszerency -
explainability
Trust / trustworthiness _ 2
Accuracy / reliability _ 2
Risk / moral risk _ 2
T T T T T T ]

0 2 4 6 8 10 12
Number of included studies (non-exclusive coding)

Figure 6. Trust, privacy, ethics, and caregiver-related factors in the core PRISMA corpus
(n = 32; non-exclusive coding).
Supplemental interpretive evidence is reported in Appendix A and is not included in the

PRISMA count, RQ-specific frequencies, or core quality-appraisal summary.
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3.6. Socio-Technical Risks in Caregiver Alert Translation

Translating Al-inferred emotions into caregiver-facing alerts introduces socio-technical
risks that go beyond classification performance. False positives may create unnecessary
caregiver anxiety, over-monitoring, or alert fFatigue, especially when alerts are triggered
by short-lived emotional expressions. False negatives may be more serious because
persistent distress may be missed when the model fails to detect subtle, occluded, or
context-dependent emotional cues. Therefore, alert logic should not depend on a single
predicted label but should consider duration, recurrence, confidence, multimodal

agreement, and interaction context.

Interpretation also depends on cultural norms, developmental stage, neurodiversity, and
the specific digital activity. A Facial expression labelled as fear, sadness, or anger may
have different meanings in a game, therapeutic task, online-learning activity, or social
interaction. For autistic children and other neurodiverse populations, emotional
expression may differ from typical benchmark assumptions; therefore, system outputs
should be treated as probabilistic caregiver-awareness signals rather than definitive

judgments about a child's emotional state.

Table 7. Potential risks of caregiver-facing emotion alerts

Risk/Error Example Potential harm Mitigation
False positive Short-lived fear  unnecessary persistence threshold,
during a game is interruption, confidence Filtering,
interpreted as caregiver anxiety, multimodal
distress alert Fatigue, confirmation, caregiver
excessive review
monitoring
False negative Persistent delayed caregiver recurrence analysis,
distress is not support multiple modalities,
detected periodic summaries
Context Game challenge inappropriate interaction-context
misclassification interpreted as escalation awareness and
psychological caregiver
distress interpretation
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Risk/Error Example Potential harm Mitigation
Developmental Crying treated overgeneralized age/development-
misinterpretation  identically alert response sensitive

across ages interpretation

Implementation risks should also be considered. Device placement, camera angle, lighting,
background noise, microphone quality, and interaction distance can affect model
reliability. Device availability, computational capability, network connectivity, and
variation in household hardware may also affect inference latency, accessibility, and the
Feasibility of edge-based processing. Child-oriented systems should adopt privacy-by-
design principles, including data minimisation, retention limits, local or edge-based
processing where feasible, secure storage, transparent deletion procedures, parental
consent, and child assent where appropriate. Caregiver-facing alerts should be
configurable and proportionate to prevent alert overload, unnecessary anxiety, and over-

monitoring.

Beyond parental consent, child-oriented emotional Al should respect children's rights,
dignity, age-appropriate autonomy, and evolving capacity to participate in decisions
about digital monitoring. Where developmentally appropriate, child assent should
complement parental consent, and children should have meaningful opportunities to
understand, question, pause, or disengage from continuous emotion monitoring. These
safeguards are essential to ensure that caregiver-facing alerts support child well-being

without normalizing excessive surveillance.

Based on the core evidence map, the proposed framework is positioned as a socio-
technical direction toward Al-based child emotion early warning systems in child-
oriented digital environments. The system begins with child-oriented digital interactions,
captures emotional signals, performs Al-based inference, translates inferred states into
caregiver-facing alert categories, and communicates the result through explainable and
privacy-sensitive mechanisms. At the alert-decision layer, happy and neutral are mapped
to No Alert, sad and fear to Watchlist, and angry and crying to High Alert. This mapping
is intended as a risk-communication mechanism that supports caregiver awareness; it is

not a clinical diagnosis.
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Child-Oriented Game, Al toy, online learning,
Digital Environment AR/VR, therapeutic app
v
{ \
Emotion Face, voice, gesture,
Sensmg gaze, physiology
\ 7
s h 4 N
. . Feedback loop
Al Emotion CNN, ViT, fusion, caregiver response
Inference confidence, XAl goverance
\ ) model evaluation
s v N
Caregiver-Facing Emotion label, alert level,
Alert Output dashboard, notification
\ 7
A 4
e "\
Trust & Caregiver Consent, privacy, accuracy,
Acceptance usefulness, control
\ 7
No Alert: Happy, Neutral | Watchlist: Sad, Fear | High Alert: Angry, Crying

Figure 7. Proposed socio-technical framework toward child emotion early warning
systems in child-oriented digital environments, synthesised from the core evidence

map.

The proposed framework has several implications. First, technical model performance
should be evaluated alongside ecological validity, interpretability, uncertainty
communication, and usability. Second, child-centred systems require privacy by design,
data minimisation, secure storage, parental or caregiver control, and transparent consent
procedures. Third, the caregiver-acceptance layer can be operationalised in subsequent
empirical research through constructs such as perceived usefulness, perceived ease of
use, trust, perceived accuracy, privacy concern, ethical risk, satisfaction, and adoption
intention. Finally, future systems should avoid treating children as passive data sources
and should instead prioritise developmental appropriateness, caregiver mediation, and

responsible governance.

4. CONCLUSION

This systematic literature review shows that work toward Al-based child emotion early
warning systems in child-oriented digital environments requires more than accurate
emotion classification. The core evidence from 32 studies indicates that Facial/visual

sensing and CNN-based methods are the most common technical approaches, while child-
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specific datasets, ecological validity, multimodal integration, and age-aware evaluation

remain limited. The strongest gap is not emotion recognition itself, but the translation of
uncertain emotion predictions into understandable, proportionate, and caregiver-facing
alerts. The review proposes a3 socio-technical framework that links digital interaction
context, emotion sensing, Al inference, alert translation, and trust or caregiver
acceptance. The proposed happy/neutral-No Alert, sad/Fear-Watchlist, and angry/crying-
High Alert mapping should be treated as a design proposition, not as a validated clinical

or operational rule.

The study is limited by the scope of the core databases, the heterogeneity of included
contexts, and the incomplete status of the supplemental audit, which is reported
separately in Appendix A. The mandatory socio-technical search block may also have
reduced retrieval of purely technical child emotion-recognition studies that did not
explicitly report trust, privacy, ethics, acceptance, or related concepts in searchable
metadata. In addition, screening and initial extraction were conducted by one reviewer
and subsequently validated through co-author consensus; therefore, formal inter-rater
agreement was not estimated. The framework is not ready for deployment without
parent/caregiver validation, child-safety review, privacy assessment, and pilot testing.
Future research should develop and evaluate prototypes with parents, caregivers,
teachers, therapists, and child-development experts. Empirical work should examine
usability, alert thresholds, false positives and false negatives, caregiver fatigue, child
assent, privacy safeguards, and the effect of age, culture, neurodiversity, and interaction

context on alert interpretation.
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APPENDIX A. Reproducibility, Source-Provenance, And Supplemental Screening Audit

The core PRISMA evidence map was based on 400 records from Scopus (n = 398) and
IEEE Xplore (n = 2), retrieved on 17 June 2026. After screening, full-text assessment, and
quality appraisal, 32 studies were retained for the core synthesis and RQ-specific
evidence maps. A separate audit identified 2,037 records from SpringerLink, PubMed,
ScienceDirect, and Emerald. Source provenance was verified through record-level URLs
and RIS identifiers, while duplicates were matched using normalised DOI strings or, where
unavailable, titles and publication years. The combined pool contained 2,437 records; after
removing 105 exact duplicates, 2,332 unique records remained. Initial screening produced
241 provisional records, consolidated into 232 DOI-level candidates. Batch 1 reviewed 13
priority candidates using the same eligibility and quality criteria as the core corpus. Six
studies were provisionally eligible, six were excluded, and one overlapped with the core
corpus. Because 219 candidates remain pending equivalent review, the supplemental audit
does not change the PRISMA count or RQ-specific figures; it is retained to document

search transparency and support future review expansion.

Supplementary database enrichment and interpretive validation

The supplemental audit was conducted to improve source transparency and identify
potentially relevant studies beyond the core Scopus and IEEE Xplore corpus. It was not
intended to redefine the PRISMA evidence base. Therefore, all quantitative findings
reported in Figures 1-6 remain derived from the 32 studies included in the core corpus.
Source-level title-and-metadata screening identified 241 provisional records across
SpringerLink, PubMed, ScienceDirect, and Emerald. DOl consolidation reduced these
records to 232 unique DOIl-level candidates. A first priority batch of 13 candidates
completed a full-text eligibility assessment and a seven-criterion quality appraisal. Six
studies were provisionally eligible, six were excluded, and one duplicated a study already
included in the core corpus. The provisional supplemental studies are retained only as
contextual interpretive support because 219 DOI-level candidates remain pending review.
Their findings are therefore used to support the interpretation of multimodal sensing,
child-specific datasets, real-time systems, and privacy-sensitive design, but they are not
included in the PRISMA Fflow, evidence-map frequencies, or RQ-specific quantitative

claims.
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Table 8. Supplemental source-provenance and staged screening status.

Export date

Full-text appraisal status

Source and raw Screening outcome
records
Three records entered
Two internal
Batch 1. Two were
duplicates removed; o o
provisionally eligible, and
3 May 2026 998 unique records .
SpringerLink one overlapped with the
Raw: 1,000 screened; 141
core corpus. None were
provisional candidates
added to the core PRISMA
identified.
corpus.
Eleven records entered
Batch 1. Five were
provisionally eligible, and
977 unique records .
six were excluded. One
1 April 2026 screened; 86 o .
PubMed provisional included was
Raw: 977 provisional candidates . i
co-indexed with
identified. ) )
SpringerLink. None were
added to the core PRISMA
corpus.
No candidate from this
25 unique records source entered Batch 1.
2 June 2026 screened; nine Records remain pending
ScienceDirect A
Raw: 25 provisional candidates Full-text eligibility
identified. screening and quality
appraisal.
No candidate from this
35 unique records source entered Batch 1.
2 June 2026 screened; five Records remain pending
Emerald L
Raw: 35 provisional candidates Full-text eligibility

identified. screening and quality

appraisal.
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Export date

Source and raw Screening outcome  Full-text appraisal status
records
After removal of 105 13 unique DOI-level
exact bibliographic candidates: six provisional
duplicates, 2,332 supplemental includes, six
Core plus . )
Combined unique records exclusions, and one core
supplemental ) o
audit remained. DOI overlap. The remaining 219
raw records: o . ) ]
boundary consolidation yielded candidates are pending

2,437 .
232 unique

supplemental

candidates.

equivalent review. The
core corpus remains n =

32.

Supplemental Full-text appraisal: Batch 1

The first supplemental full-text batch provides a protocol-constrained robustness check

rather than a new quantitative synthesis. Six studies met the eligibility criteria and

received high-quality scores (mean 12.7/14). They extend contextual interpretive support

For child-robot interaction, pediatric mobile facial-expression classification, multimodal

video-pose modelling, real-time IoT systems, FNIRS-based deep learning, and game-like

iPad interventions. Four of these sources are already represented in the core reference

base [27], [37], [38], [40], whereas the two additional Full-text-appraised sources are

provided as [51] and [52]. Because 219 remaining candidates have not completed

harmonized full-text review and structured data extraction, these findings do not alter

the core evidence-map frequencies.

Table 9. Provisional supplemental evidence from the completed full-text appraisal

batch

Relevant QA

DOl Study fFocus Status

RQ(s) score
Child-robot interaction;
RQ1, RQ2, Provisional
10.3390/s25041161 Facial and speech emotion 1214 .

RQ4, RQ5 include

signals.
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Pediatric Facial-expression

RQ1, RQ2, Provisional
10.2196/39917 classifier For mobile 1414
RQ3, RQ5 include
devices.
Child multimodal video- .
10.1038/541598-025-25813- RQ1, RQ2, Provisional
pose emotion 1314 )
8 RQ3, RQ4 include
classification.
Real-time Facial emotion
10.1007/s00521-023-08372- RQ1, RQ2, Provisional
recognition using deep 1nha
9 RQ4 include
learning and loT.
FNIRS and deep-learning
modelling of emotional RQ1, RQ2, Provisional
10.3389/Fpsyt.2025.1703302 1314 .
face processing in RQ3 include
preschool ASD.
EEG and eye-tracking
evaluation of a game-like RQ1, RQ4, Provisional
10.1177/15500594251362402 1314 .
iPad emotion-recognition RQ5 include

app.

Note. The studies listed in this table are reported as provisional supplemental evidence. They are
not included in the core PRISMA corpus, the Figure 1 study-selection Flow, or the RQ-specific
evidence-map frequencies. Their inclusion in a future expanded synthesis requires completion of
the same Full-text eligibility screening, quality appraisal, and structured data-extraction procedure

For all remaining supplemental candidates.

Interpretive use of supplemental evidence

The supplemental source audit preserves the conceptual relevance of multimodal
sensing, speech, physiological signals, gesture, and child-specific interaction design
without altering RQ1 frequencies. The selected contextual references are used only to
interpret why face-based recognition may benefit from complementary modalities and
why synchronization, consent, and data minimization require attention [33], [36], [37], [38],
[40], [43]-[46]. For RQ2 and RQ3, the contextual literature motivates a cautious, child-
centered interpretation of model and dataset findings. Studies addressing computer
vision in autism, real-time loT systems, child-oriented multimodal data, and youth
affective-computing protocols suggest that performance transfer from adult datasets

should not be assumed without age-aware validation and context-sensitive evaluation
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[35], [38]-[40], [48]. These references inform the discussion but do not contribute to the

quantitative counts reported in Figures 3 and 4. For RQ4 and RQS5, the contextual
literature supports the principle that emotion inference should lead to proportionate,
privacy-sensitive action rather than automated diagnosis. Parent-assisted serious games,
digital gaming interventions, and privacy-preserving engagement or meltdown detection
motivate a design in which alert escalation is accompanied by caregiver control,
uncertainty communication, and data minimization [34], [41], [47). These references are

interpretive supports rather than additional included studies.

Additional IEEE Xplore supplemental candidates

Two additional IEEE Xplore records were identified as high-priority supplemental
candidates during source verification [53], [54]. These records were not retrieved into the
fixed core corpus through the original Five-block conjunctive search and therefore
remain supplemental sensitivity candidates. They are not incorporated into the core
PRISMA corpus, RQ-specific evidence maps, or quality-appraisal summary of the 32 core

studies.
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