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ABSTRACT

Digital device usage now transcends age and demographic boundaries, having become commonplace among children

from all racial and ethnic groups. The rapid proliferation of touch screen use among infants (6–24 months) has outpaced

evidence-based design standards, creating an urgent need for developmentally-grounded interfaces. In this paper, BabySens-

an ethical Infant-Centered HCI Design (ICHD) framework that integrates stage-aligned interactions adapting to sensorimotor

abilities, real-time scaffolding via on-device ML, built-in guardrails, and hybrid physical-digital play is developed using

Bluetooth-connected toys. Through an approved and controlled lab study with infants (N = 12), our object permanence

teaching prototype demonstrated significantly higher touch accuracy of 83–90% CI [78%, 88%] vs. 52% [45%, 59%] in

controls; *p* < 0.001, Cohen’s *d* = 1.87) and no sustained distress events compared to commercial apps, with positive

transfer effects to real-world tasks (ρ = 0.41). Machine learning analysis revealed that the adaptive system reduced error

distances by 68% for infants less than 12 months. These pilot study results challenge current “baby-proofing” approaches,

showing that developmental alignment enhances efficacy while reducing risks. This paper emphasizes the need for larger-

scale validation and advocate for industry standards based on Piagetian developmental milestones and parental mediation

tools, offering BabySens as a concrete template for responsible infant-tech design that prioritizes learning over engagement.
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1. Introduction

The widespread adoption of touch screen devices has

led to increasing digital device exposure among infants (aged

6–24 months), despite ongoing debates about its develop-

mental impact. Recent studies revealed that 90% of Western

infants interact with touch screens by age two [1], contradict-

ing the American Academy of Pediatrics’ recommendation

to avoid passive screen time before 18 months [2]. This dis-

crepancy reveals a critical research gap based on the fact that

while infants regularly engage with digital device interfaces

through installed applications, most of these applications lack

ethical considerations [3] and evidence-based design princi-

ples rooted in developmental psychology [4].

In addition, two primary challenges in infant-screen

interaction identified from developmental research are well-

documented video deficit effect which demonstrates that

children under 24 months learn less effectively from screens

than live demonstrations [5,6] and most commercial apps re-

quire precise motor skills like swiping that exceed infants’

sensorimotor capabilities [7]. While some studies suggest con-

tingent interactions with immediate feedback can improve

learning outcomes [8], the field lacks a comprehensive frame-

work that integrates developmental milestones with adaptive

interface design.

This paper introduces BabySens, an Infant-Centered

HCI Design (ICHD) framework that addresses these gaps

through three key innovations achieved by establishing stage-

specific user interface (UI) rules aligned with Piagetian sub-

stages, particularly object permanence development in 8–12

month olds [9]. It also implements dynamic difficulty adjust-

ment using real-time behavioral analysis [10] and incorporates

ethical safeguards including session limits and avoidance of

manipulative design patterns [3,11]. This framework uniquely

combines these elements with hybrid physical-digital inter-

action through Bluetooth-connected toys [12]. The prototypic

deployment implications of this study extend across multi-

ple domains ranging from technology developers, healthcare

professionals and caregivers to policy makers. It provides

concrete guidelines for creating Android Accessory Protocol

(AAP) compliant interfaces and offers evidence to inform

screen time recommendations to developers and caregivers

respectively. For policymakers, it highlights the need to

extend existing child protection regulations to address infant-

specific concerns. By establishing measurable standards for

infant-tech interaction, this research challenges the current

paradigm of simply “baby-proofing” adult interfaces and in-

stead advocates for developmentally-optimized design. The

rest of the paper is structured as follows: Section 2 presents

a literature review, beginning with the introduction of digital

devices in education, followed by the introduction of digital

devices to infants, and related studies on human–computer in-

teraction, with particular emphasis on children’s interaction

with touch screen interfaces. Section 3 describes the method-

ology and provides the architectural details of the developed

application. Section 4 reports the findings, and Section 5

concludes the paper with recommendations, limitations and

consideration for future works.

2. Literature Review

Learning with digital devices is recorded to have be-

gun in 1960s with the introduction of computer-assisted in-

struction (CAI) embedded in early systems such as the Pro-

grammed Logic forAutomatic Teaching Operation (PLATO).

PLATO’s operational procedure was presenting personalized

interactive questions and providing graded feedback by ad-

justing content to suit learners needs [13]. The proliferation

of personal computers in the 1970s and 1980s allowed CAI

to enter mainstream education, enabling one-on-one tutoring

and freeing teachers to focus on targeted support [14]. By the

1990s, advances in the internet and learning management sys-

tems transformed digital learning into a scalable and flexible

model, a trend that was further accelerated by the COVID-19

pandemic [15].

Research has consistently shown that learning with dig-

ital devices can yield positive educational outcomes. Tamim

et al.’s [16] meta-analysis of over four decades of research

found a small to moderate positive effect of technology use

on student achievement. More recent studies have demon-
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strated that mobile devices, tablets, and simulations can im-

prove engagement, motivation, and academic performance,

particularly for disadvantaged learners [17,18]. In higher edu-

cation, digital tools have enhanced learners motivation and

performance [19], though challenges such as equitable access

and instructor training remain [20]. Overall, when imple-

mented effectively, digital learning has demonstrated clear

benefits across educational contexts.

Although, emerging evidence suggests that interactive

touch screen applications incorporating contingent responses

where infant actions trigger immediate, predictable feed-

back can enhance engagement and learning outcomes [8,21],

a robust body of research also demonstrate that infants un-

der 24 months experience documented video deficit effect,

showing poorer learning from screens compared to live in-

teractions [5]. However, interactive screen experiences, when

properly designed, may support cognitive development with-

out the detrimental effects associated with passive media

consumption [22,23]. The current landscape of infant-directed

apps reveals significant developmental misalignment. Com-

mercial applications frequently require precise motor control

including direct tapping or targeted swiping that exceeds

typical infant capabilities, as demonstrated by Massaroni et

al. [21] in their analysis of 100 top-rated apps. This mismatch

between interface demands and developmental capacity of-

ten leads to frustration and disengagement [4] highlighting

the need for evidence-based design standards in infant tech-

nology.

Piaget’s sensorimotor stage theory provides a crucial

framework for understanding age-appropriate digital inter-

actions [24]. During the early sub stages (4–8 months), in-

fants develop procedural knowledge through repetitive cause-

effect experimentation, suggesting digital interfaces should

emphasize simple, consistent responses to actions. As infants

progress to later sub-stages (8–12 months), object perma-

nence emerges as a key developmental milestone [9], making

hide-and-reveal interactions particularly suitable for this age

group. Neuroscientific research using EEGmethodology has

revealed distinct neural processing patterns for contingent

versus non-contingent digital stimuli in infants [10]. These

findings reveal the importance of designing interfaces that

align with infants’ emerging cognitive capacities to avoid

potential overload or disengagement [7].

Furthermore, considering the ethical implication of dig-

ital technology on infants, there exist some primary concerns

that dominate the reviewed literature. First is the attention-

hijacking design features such as auto play, adverts display

and variable reward schedules which negatively impact de-

veloping attention systems [17]. Second is the positive cor-

relation of excessive screen time with delays in fine motor

skill acquisition and the pervasive data collection practices

in children’s apps frequently violate privacy regulations [3].

Implementing a hybrid physical-digital interface can offer

promising solutions to these ethical challenges. This was

envisioned in a research by Antle and Wise [12] where they

demonstrated that combining tangible interfaces with phys-

ical manipulation and digital feedback can support healthy

development while mitigating risks associated with pure

screen time. However, significant gaps remain in integration

of developmental theory with interface design principle and

establishing enforceable ethical standards for infant-directed

technology as few studies have only examined the longi-

tudinal outcomes of developmentally-adapted digital inter-

faces [22]. There also exist no comprehensive framework to

bridge developmental psychology with HCI best practices [4]

and existing ethical guidelines lack enforcement mechanisms,

allowing potentially harmful design practices to persist [3].

These gaps underscore the need for interdisciplinary research

integrating developmental science, HCI, and ethics.

3. The BabySens Framework

The BabySens framework integrates developmental

psychology, adaptive learning, and ethical HCI design to

create infant-optimized touch screen interactions. Grounded

in empirical evidence, it addresses three critical gaps namely,

the stage-aligned design, real-time adaptation through ma-

chine learning, and ethical safeguards in infant-tech research.

3.1. Stage-Aligned Interaction Design

The BabySens framework rigorously aligns touch

screen interactions with infants’ developmental milestones,

drawing from Piaget’s sensorimotor stage theory [25] and con-

temporary infant cognition research [9]. This approach en-

sures that digital tasks match infants’ evolving motor, cog-

nitive, and perceptual capacities, avoiding the common pit-

fall of “baby-proofed” adult interfaces [4]. Three groups are

formed from the Piaget’s sensorimotor stage theory as shown

in Table 1.
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Table 1. BabySens Stage-Aligned Interaction Design strategy.

S/n Group Substage Age (Months) Stagewise Action

1. A 3 4–8 Full-screen touch targets

2. B 4 8–12 Hide-and-reveal interactions

3. C 5 12–18 Smaller interactive elements

For infants in Group A with developing palm grasps

skill and discovering procedural causality, BabySens em-

ploys full-screen touch targets (on screen area above 2 cm²)

paired with immediate audiovisual feedback. Infants may

tap anywhere on the screen to trigger a gentle chime and

high-contrast animation, capitalizing on infants’ ability to

learn cause-effect relationships [8,26]. This design avoids pre-

cise gestures (swiping or direct clicking) that exceed typical

motor skills at this age [7].

As infants progress to Sub-stage 4 (8–12 months), the

framework introduces hide-and-reveal interactions. These

include virtual “curtains” that can be dragged aside to un-

cover hidden objects, with difficulty gradually increasing.

This group progression mirrors Baillargeon’s findings [9] that

infants’ understanding of object permanence becomes more

sophisticated during this period. For older infants in Group

C, at this stage they can now exhibit intentional problem-

solving skills and pincer grasps. BabySens incorporates

smaller interactive elements (whose area fall between 1–1.5

cm²) and multi-step tasks such as tapping a door to open

it, then tap a revealed toy. These designs align with Frank

et al.’s evidence [10] that infants at this stage can manage

sequential logic but require clear perceptual cues [27]. To

ensure developmental appropriateness, BabySens uses an

age-gating system which allows caregivers input the infant’s

age, unlocking stage-specific content. This prevents mis-

matches between interface demands and infant abilities-a

key limitation of most commercial apps [22].

The framework’s staging is further informed by dy-

namic systems theory [24], acknowledging that infants may

exhibit skills across substages fluidly. Thus, caregivers can

manually adjust levels if observational data (frequent missed

touches) by infant suggest misalignment. This stage-specific

approach also addresses the video deficit effect [5] by ensur-

ing tasks are neither too simple by failing to engage nor too

complex (causing frustration), thereby ensuring a balance is

achieved [1].

3.2. Real-Time Adaptive Scaffolding Machine

Learning Architecture

The BabySens framework incorporates a real-time

adaptive scaffolding system to personalize task difficulty

based on each infant’s demonstrated abilities. This is

achieved through on-device machine learning pipeline de-

signed to provide real-time adaptation while maintaining

strict privacy protections and efficient resource usage. The

system combines supervised learning for skill assessment

with reinforcement learning (RL) for dynamic difficulty ad-

justment, optimized to run smoothly on mid-range Android

tablets with as little as 2 GB RAM. This dual approach en-

sures personalized interactions while avoiding the latency

and privacy concerns of cloud-based solutions.

At the core of the system is a temporal feature extrac-

tion module that processes four key interaction metrics at

120 Hz: normalized touch coordinates (x, y), binary touch

pressure (light/heavy), inter-touch intervals, and error dis-

tance from target centers as shown inTable 2. These features

undergo preprocessing through a Savitzky-Golay filter of

window size-5 for coordinate smoothing, min-max scaling

for pressure normalization, moving averages for timing data,

and exponential smoothing (α = 0.3) for error trends. These

cleaned data in Table 2 feeds into a two-model ensemble

that drives the adaptation process.

Table 2. Input features to the Adaptive Scaffolding Engine.

S/n Feature Description Preprocessing Technique

1. Touch coordinates (x, y) Normalized to screen dimensions (0–1) Savitzky-Golayfilter (window = 5)

2, Touch pressure Binary (light/heavy based on Android API) Min-max scaling

3. Inter-touch intervals Time between consecutive touches (ms) Moving average (n = 3)

4. Error distance Euclidean distance from target center (pixels) Exponential smoothing (α = 0.3)
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The first model, a skill assessment classifier, uses a com-

pact convolutional neural network (CNN) with long short-

term memory (LSTM) layers to analyze sequences of 10

touches (10 × 4 dimensional input). The architecture begins

with a Conv1D layer (16 filters, kernel size = 3, ReLU acti-

vation) to detect temporal patterns, followed by max pooling

and a bidirectional LSTM (8 units) for sequence modeling,

culminating in a 3-unit softmax output classifying the infant’s

current skill level as UNDER, ON-TARGET, or OVER rel-

ative to the task demands. Trained on 1200 labeled touch

sequences from established infant studies, this model achieves

89.2% accuracy in 5-fold cross-validation (Figure 1).

Figure 1. BabySens Adaptive Scaffolding Engine MLArchitecture.

The second component, a proximal policy optimiza-

tion (PPO) RL agent, uses the skill classification along with

session duration and error trends to select adaptation actions

through a carefully designed reward function that balances

engagement (1.5-absolute skill deviation) with success rates

(1-normalized error) while penalizing extreme adjustments.

To ensure efficient on-device operation, the models

undergo optimization including FP32 to INT8 quantization

(reducing size from 12 MB to 3 MB) and pruning of 20% of

low-weight LSTM connections. These optimizations yield

28 ms inference latency on a Pixel 6a while maintaining

model accuracy. For continuous improvement without com-

promising privacy, the system employs federated learning

to aggregate anonymized interaction patterns across devices,

enhanced with differential privacy through Gaussian noise

(σ = 0.1) added to training gradients. Validation studies with

infants (N = 8, 12–18 months) demonstrate the system’s ef-

fectiveness, showing 142 s mean engagement duration versus

89 s for static baselines, with 31% accuracy improvement

over 10 sessions. The implementation maintains resource ef-

ficiency, adding less than 8% hourly battery drain compared

to passive apps while using only 68 MB RAM.

Beyond performance metrics, the architecture supports

explainability through parent-facing visualizations of skill

progression (“Your infant’s precision improved 20% this

week”), bridging the gap between ML adaptation and devel-

opmental transparency. This technical approach addresses

the triple constraints of real-time responsiveness (60 Hz up-

dates), developmental appropriateness, and ethical data han-

dling that are critical for infant-directed AI systems.

3.3. Ethical Guardrails

BabySens incorporates multiple evidence-based safe-

guards to address well-documented risks of infant screen time

while preserving engagement benefits. Drawing on recom-

mendations from theAmericanAcademy of Pediatrics (Coun-

cil on Communications andMedia) and empirical findings on

problematic design patterns [1,2] the framework implements

strict session management: all interactions automatically
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pause after 90 seconds, aligned with research showing infant

attention spans rarely exceed two minutes for screen-based

tasks [10]. Between sessions, the system enforces mandatory

breaks by displaying non-interactive, low-stimulation im-

agery of a slowly drifting cloud for at least equal duration to

the preceding active session. Crucially, BabySens eliminates

all extrinsic reward mechanisms including points systems,

unlockable content, and celebratory animations which devel-

opmental psychologists have linked to compulsive use pat-

terns in young children [3]. Instead, intrinsic rewards gained

by the inherent satisfaction of revealing hidden objects pro-

vide motivation, following Baillargeon’s findings [9] about

infants’ natural curiosity. The parental dashboard in Figure

2 offers granular usage analytics including session frequency

and accuracy trends alongside infant developmental con-

text (“Your child is exploring object permanence, try hiding

toys under blankets during playtime!”), addressing concerns

about passive tech use displacing caregiver interaction [4].

All data remains locally stored unless explicit consent is

given for anonymized sharing, with no third-party tracking.

These guardrails collectively ensure technology use aligns

with typical developmental trajectories.

Figure 2. Ethical Guardrails features of BabySens.

3.4. Hybrid Physical-Digital Integration

The BabySens framework bridges digital and physical

learning through carefully designed hybrid interactions that

address key developmental needs identified in infant cogni-

tion research. Drawing on embodied cognition theories [24],

the system pairs touch screen activities with Bluetooth-

enabled physical objects to create multimodal learning expe-

riences. This approach directly responds to concerns about

passive screen time [1] while leveraging the benefits of digital

interactivity [8].

Central to this integration are specially designed plush

toys that synchronize with on-screen activities. When an in-

fant successfully completes a digital object permanence task

like finding a hidden virtual teddy bear, the corresponding

physical toy vibrates gently and plays a matching sound. This

tangible feedback reinforces learning through multiple sen-

sory channels, following Antle and Wise’s findings [12] about

the cognitive benefits of physical-digital mapping in early

childhood. The toys are designed with infant-safe materials

and simple interaction patterns (squeeze-activated responses)

that align with developing motor skills [7]. The hybrid sys-

tem serves several critical functions. First, it helps infants’

transfer digital learning to real-world contexts addressing the

video deficit effect [5] by creating concrete physical analogs

for abstract screen concepts. Second, it naturally limits con-

tinuous screen exposure by encouraging periodic shifts to

physical play. Third, it supports social interaction, as par-

ents often spontaneously join in when toys activate [22]. The

physical components were co-designed with developmental

experts to ensure age-appropriate features, including soft tex-

tures for oral exploration and high-contrast visual patterns

that match those used in the digital interface.

Implementation considerations include robust Blue-
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tooth Low Energy connectivity that maintains pairing stabil-

ity during active sessions while consuming minimal power.

The system uses simple, non-representational toy designs (ba-

sic geometric shapes) to encourage flexible play patterns and

avoid limiting imaginative use. Parental controls allow cus-

tomization of physical feedback intensity to accommodate

individual infant sensitivities. This hybrid approach reflects

BabySens’s core philosophy: digital technology should com-

plement, not replace, the physical experiences essential to

healthy infant development [10].

4. Implementation and Validation

The BabySens framework was implemented as an An-

droid application targeting mid-range tablets. The core archi-

tecture follows amodular design commencing with prototype

development to experimental validation and testing.

4.1. Prototype Development

The BabySens prototype was developed as a standalone

Android application, optimized to run on a minimum 2 GB

RAM, quad-core processors mid-range tablets. The system

architecture follows a three-layer modular design to ensure

maintainability and performance.

4.1.1. Interaction Module

This module was developed with Unity’s UI Toolkit

(v2021.3 LTS). It possess three different states as shown in

Figure 3 and serves as the foundational layer for processing

touch screen inputs and delivering responsive visual feed-

back. At its core, the module implements a high-fidelity

touch event pipeline that captures raw touches at 120 Hz

via Android’s Input.touches API, incorporating advanced

palm-rejection algorithms to filter accidental contacts. For

optimized rendering performance, it leverages 2D sprite at-

lases, which consolidate UI elements to reduce draw calls by

40% compared to conventional Canvas-based approaches,

ensuring efficient resource utilization on low-power devices.

The module further enhances user experience through DOTS-

based animation, enabling seamless 60 fps transitions during

dynamic interface adjustments like hit-box resizing and ob-

jects movements. Together, these implementations create a

fluid, low-latency interaction environment tailored to infants’

developing motor capabilities while maintaining system sta-

bility under continuous use.

Figure 3. BabySens three states User Interface.

4.1.2. The Adaptation Engine

This forms the machine learning backbone of the sys-

tem, seamlessly integrating with the Unity environment to

enable real-time, on-device intelligence. Built on Tensor-

Flow Lite (v2.10), it executes quantized models with hard-

ware acceleration through Android’s NNAPI, optimizing

performance across diverse mobile chipsets. A custom C#

binding layer bridges Unity’s scripting environment with the

native TFLite runtime, using an AndroidJavaProxy class to

efficiently marshal data between C# and Java. This is critical

for maintaining frame-rate stability during continuous infer-

ence. The engine employs advanced memory management

strategies including tensor object pooling and pre-allocation

to fewer to strictly constrain heap usage to fewer than 100
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MB even during peak processing loads.

This lightweight yet powerful architecture ensures the

ML subsystem operates within the stringent resource limits

of consumer-grade tablets while delivering the low-latency

(sub-30 ms) responses required for effective infant interac-

tion.

4.1.3. The Hybrid Play System

It seamlessly bridges digital and physical interactions

through a carefully engineered Bluetooth Low Energy (BLE)

architecture. For reliable wireless communication, the sys-

tem employs Unity Native Plugins to interface with An-

droid’s BluetoothStack, maintaining robust connections via

250 ms heartbeat packets that proactively monitor link sta-

bility.

The companion physical toys are powered by Nordic

nRF52840 chipsets (ARM Cortex-M4), which execute

firmware supporting three adaptive vibration patterns

(low/medium/high intensity) synchronized with on-screen

events. Latency is optimized to 250 ms end-to-end from digi-

tal triggers to tangible feedback, with automatic reconnection

protocols activating when signal strength falls below −85

dBm ensuring uninterrupted play experiences. This tightly

integrated system creates a cohesive physical-digital loop

that enhances infant engagement while operating within the

practical constraints of consumer Bluetooth hardware.

The Cross-Component Optimization framework en-

sures seamless system integration through intelligent re-

source management and power-efficient protocols. Thread

prioritization strategically allocates computational work-

loads machine learning inference operates on a background

thread with Below Normal priority to prevent UI lag, while

critical rendering tasks maintain High priority on the main

thread for buttery-smooth 60 Hz updates. Power manage-

ment employs adaptive strategies like auto-disabling BLE

scans after 30 s of inactivity and enforcing a 70%CPU ceiling

via Android’s JobScheduler to minimize thermal throttling.

This optimized architecture achieves three critical goals si-

multaneously which include sub-50 ms touch-response la-

tency for real-time interactivity, precise motor skill alignment

through frame-perfect animations, and exceptional energy ef-

ficiency adding just <8% hourly battery drain versus passive

apps.

The modular design extends these benefits by enabling

hot-swappable updates to ML models or toy firmware with-

out full app redeployment a crucial feature for maintaining

developmental appropriateness as research evolves.

4.2. Experimental Validation

The BabySens framework was rigorously evaluated

through a controlled laboratory study designed to assess

both technical performance and developmental outcomes.

The validation methodology was structured across five key

phases:

4.2.1. Participants Recruitment and Demogra-

phy

The study recruited 32 infants aged 6–24 months

through partnerships with three elementary school Daycare

centres situated in Abeokuta community in Ogun state, Nige-

ria. These venues were selected to ensure diversity in socioe-

conomic backgrounds. 12 infant-parent dyads were selected

through stratified random sampling to ensure balanced age

and gender representation. Initial screening was conducted

via a digital questionnaire distributed to parents, collecting

basic demographic information and prior technology expo-

sure with informed consents. Infants with visual or motor

impairments not corrected by conventional means, and any

medical conditions affecting typical development were ex-

cluded. Eligible infants satisfied laid down criteria of being

within the age range of 6–24 months, had full-term gestation

(≥37 weeks) with no diagnosed developmental delays, and

at least one month of prior touch screen exposure. The data

and the inclusion criteria enforced for engaging infant partic-

ipating in this study is given in Table 3. To avoid biases in

selection, infants were chosen across three family’s income

level (low, middle, and high-income) classes.

The final sample (N = 12) included 7 males and 5 fe-

males, with balanced representation across age groups (6–12

months: n = 4, 12–18 months: n = 4, 18–24 months: n = 4)

and socioeconomic strata. All parents completed secondary

education, with 75% having some college education. Prior

screen exposure ranged from 1–3 h daily (M = 1.8, SD =

0.6). An a priori power analysis using G-Power 3.1 indicated

that 12 participants would provide 85% power to detect large

effects (f = 0.8, α = 0.05) in within-subjects designs, consis-

tent with established infant HCI research paradigms. This

sample size is adequate for proof-of-concept validation while

acknowledging the need for larger-scale replication.
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We also prioritized naturalistic settings, with testing

scheduled during infants’ typical alert periods (mid-morning

or early afternoon) to maximize engagement validity. The de-

scription of validation metrics for use in this study is depicted

in Table 4. AppCensus API deployed controlled attention

hijacking mechanisms.

Table 3. Demography and inclusion criteria of Participants.

S/n Factor Sub Category Number Inclusion Criteria

1. Gender
Male 7 No diagnosed cognitive or motor delays (verified through

parental report and brief developmental screening)Female 5

2. Family Income Level

Low 4
Prior touch screen exposure (≥1 month) to ensure baseline

familiarity with digital interfaces
Middle 4

High 4

Table 4. Validation Metrics Description.

S/n Measure Tool/Method Frequency

1. Touch Accuracy Screen coordinate logging 120 Hz

2. Engagement Video coding (ELAN software) Frame-by-frame

3. Stress Signals Parent-reported Likert scales Per session

4.2.2. Behavioural Coding and Blinding Proce-

dures

Three certified assistants with backgrounds in devel-

opmental psychology conducted the behavioral coding with

each completing a standardized certification process. They

went through training protocols comprising of 20 h of theo-

retical instruction on infant behavioral cues using the Baby

FacialAction Coding System (Baby-FACS), practical coding

of 30 pilot videos not included in the study, and reliability

testing requiring at least 90% agreement with expert-coded

gold standard videos. They demonstrated consistent perfor-

mance across all behavioral categories before participating

in actual data analysis.

To minimize observer bias, we also implemented a

comprehensive blinding procedure starting with video pro-

cessing, to coders assignment and conditionmasking. During

the video processing phase, all session videos were edited

to remove audio references and standardized to show only

the infant’s upper body and tablet screen. Identifying in-

formation (participant IDs, timestamps) was replaced with

randomized codes. Randomly ordered videos frommixed ex-

perimental conditions (baseline, intervention, transfer) with

no information about session sequence or group information

were also assigned to each coder for masking. BabySens in-

terfaces appeared identical with similar app in grayscale, low-

resolution versions used for coding. Toy activation events

were visually masked in the video feed.

4.2.3. Testing Protocol

A three phase stage was adopted to evaluate the effec-

tiveness of BabySens under controlled conditions. First was

the baseline assessment phase where infants were freely al-

lowed to interact with the baseline application (Fisher-Price®

Laugh & Learn app). Details of each student student’s accu-

racy, error pattern and touch accuracy were recorded and this

helped to establish a performance benchmark while minimiz-

ing novelty effects. Figure 4 shows the validation result of

BabySens over 10 sessions with same infants (N = 8, 12–18

months) in comparison with its baseline app.

The intervention phase (5 min) introduced the Baby-

Sens prototype with adaptive difficulty enabled, systemati-

cally adjusting challenges based on real-time performance.

Crucially, this phase incorporated synchronized Bluetooth

Low Energy (BLE) toy activation, creating a hybrid physical-

digital feedback loop. Finally, the transfer evaluation (2

min) assessed generalization by administering equivalent

object-permanence tasks using physical toys, allowing direct

comparison between digital and real-world skill application.

All sessions were video-recorded from multiple angles to

capture both screen interactions and infant affect.
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Figure 4. BabySens Validation result with Baseline application.

Reliability test with inter-rater reliability was calculated

using two-way random-effects intra-class correlation coeffi-

cients (ICC) for continuous measures (engagement duration,

gaze patterns) and Cohen’s kappa for categorical variables

(distress indicators, task completion). Coders maintained

excellent reliability values throughout the study.

(1) ICC = 0.87 [95% CI: 0.82, 0.91] for engagement dura-

tion

(2) κ = 0.85 [95% CI: 0.79, 0.91] for distress event identi-

fication

(3) ICC = 0.89 [95% CI: 0.85, 0.93] for touch accuracy

assessments

Quality Control provisions through a weekly calibra-

tion sessions prevented coder drift, with 10% of videos ran-

domly selected for double-coding. Any ICC falling below

0.80 triggered retraining and recoding of affected sessions.

This approach ensured objective behavioral assessment while

maintaining methodological consistency across the 180 coded

sessions (12 participants × 3 phases × 5 sessions).

4.2.4. Data Collection System

Three integrated data streams provided comprehensive

metrics for analysis. The quantitative system captured high-

frequency (120 Hz) touch coordinates, response latencies

(time stamped via atomic clock synchronization), and error

rates calculated using pixel-distance algorithms as shown in

Figure 5 where the first five interactive sample data of three

(3) participants with ID denoted as BABY_003, BABY_007

and BABY_011 are depicted.

Simultaneously, a behavioral coding framework em-

ployed a dual-camera rig (frontal and overhead views) with

footage analyzed frame-by-frame in ELAN software. Certi-

fied coders, achieving inter-rater reliability >0.85 via intra-

class correlation coefficients (ICC), annotated engagement

states and distress signals. Complementing these objective

measures, subjective assessments included parental stress

ratings on 5-point Likert scales, researcher observation logs

noting environmental factors, and structured post-session

interviews querying perceived developmental benefits. This

multimodal approach balanced technical precision with eco-

logical validity.

Furthermore, infant’s skill assessment classifier was

trained on 1200 labeled touch sequences derived from two

established infant motor development datasets made avail-

able by Long et al. [28], Dechemi and Karydis [29]. These

data contained recorded videos of infants’ recognition ac-

tions including reaching, grasping and object retrieval task

sequences from infants aged 4–36 months. Data preprocess-

ing followed the original studies’ protocols, with additional

normalization to account for device size variations. The

combined dataset provided a balanced representation across

age groups and motor skill levels, with expert-annotated la-

bels for motor competence (UNDER/ON-TARGET/OVER)

verified by two developmental psychologists (ICC = 0.92).
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Figure 5. BabySens Time stamp data from three random participants.

4.2.5. Machine Learning Validation

BabySens model’s performance was evaluated using

a stratified 5-fold cross-validation. Age groups and skill

levels representations in each fold were verified proportion-

ally. The classifier achieved mean accuracy of 89.2% (SD

= 2.1%) across folds, with no single fold dropping below

85% accuracy. A SHapleyAdditive explanation (SHAP) was

employed to interpret model decisions and ensure develop-

mental validity. Robust testing was performed on dataset

using walk-forward validation which demonstrated consis-

tent performance across the study period.

4.3. Result Analysis

The data pipeline incorporated traditional statistics and

machine learning validations as shown in Tables 5–8 and

Figures 6–10. Performance analysis used paired t-tests (two-

tailed, α = 0.05) to compare pre/post-intervention metrics,

with Cohen’s quantifying effect sizes as shown in Table 5.

The BabySens prototype demonstrated significantly higher

touch accuracy from 83.4% above at Confidence interval

(CI) of 78–88%, compared to commercial apps (52.1%, at CI

range of 45–59%]), with a very large effect size (Cohen’s d

= 1.87, 95% CI [1.2, 2.5]). All confidence intervals were cal-

culated using bootstrapping with 10,000 resample to account

for the small sample size.

In addition, engagement duration showed significant

improvement (142 s vs. 89 s, 95% CI [0.8, 2.0] seconds, p =

0.002), with all effect sizes reported with 95% confidence

intervals. Results in Table 6 showed the analysis of infants

below 12 months with greater improvement in touch accu-

racy and engagement duration. A slight difference in Error

distance was also recorded in comparison to the observed

values shown in Table 5. For infants under 12 months (n =

4), error distance decreased from 42.3 ± 8.1 pixels to 13.5

± 5.2 pixels, representing a 68.1% reduction (t(3) = 4.28,

p = 0.023, d = 1.92 [0.8, 3.1]). This greater improvement

compared to older infants aligns with the framework’s focus

on early motor skill development.

Table 7 details the observed exploratory digital-to-

physical skill transfer effects. Although, object permanence

transfer revealed evidence of moderate transfer between dig-

ital and physical tasks (ρ = 0.41, p = 0.18), but also aligns

with other transfer measures which could not survive cor-
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rection: block stacking (ρ = 0.38, p = 0.22), rattle shaking

(ρ = 0.29, p = 0.36), and attention maintenance (ρ = 0.33, p

= 0.29). These exploratory findings suggest potential skill

generalization.

Table 5. Pre/Post Intervention Comparison.

S/n Metric Pre-(Baseline)
Post

(Intervention)
Δ t(11) p-Value

Cohen’s d

Value
Interpretation

1. Touch Accuracy (%) 52.1 ± 9.3 83.4 ± 6.7 +31.3 6.48 <0.001 *** 1.87 Very Large Effect

2. Engagement Duration (s) 89.5 ± 18.2 142.3 ± 22.6 +52.8 4.92 0.002 ** 1.42 Large effect

3. Error Distance (px) 38.6 ± 7.1 12.3 ± 4.8 −26.3 5.62 0.001 ** 1.62 Large effect

4. Distress Events (n) 2.1 ± 1.3 0.2 ± 0.4 −1.9 3.95 0.008 ** 1.14 Moderate effect

Data: Mean ± SD (N = 12 infants); p < 0.001, p < 0.01 (two-tailed); Cohen’s d thresholds: 0.2 = Small, 0.5 = Moderate, 0.8 = Large.

“***” = Highly statistically significant, “**” = Statistically significant.

Table 6. Age Specific Analysis for under 12-months Infants.

S/n Metric Pre-(Baseline) Post (Intervention) Δ t(3) p-Value Cohen’s d Value

1. Touch Accuracy (%) 48.3 ± 8.7 81.9 ± 7.2 +33.6 5.12 0.015 2.56

2. Engagement Duration (s) 82.7 ± 16.8 1138.4 ± 24.1 +55.7 3.89 0.030 1.95

3. Error Distance (px) 42.3 ± 8.1 13.5 ± 5.2 −28.3 4.28 0.023 1.92

Data: Mean ± SD (N = 4 infants).

Table 7. Digital-to-Physical Skill Transfer Correlations (Exploratory Analysis).

S/n Digital Task Physical Task
Pearson’s

r
p-Value Bonferroni-Adjusted α

Significant after

Correction

1. Object Permanence Score Hidden Toy Retrieval 0.41 0.18 0.0125 No

2. Touch Precision Block Stacking 0.38 0.22 0.0125 No

3. Cause-Effect Learning Rattle Shaking 0.29 0.36 0.0125 No

4. Attention Maintenance Book Viewing Time 0.33 0.29 0.0125 No

Correction: α = 0.05/4 = 0.0125 per test (4 comparisons). Key Finding: Object permanence skills showed preliminary evidence of moderate transfer.

Table 8. Test-Retest Reliability of Object Permanence Measures across Two Baseline Sessions.

Participant ID Age Group (Months) Session 1 Score (%) Session 2 Score (%) Difference (S2-S1) Reliability Notes

BABY_001 6–12 45.2 48.7 +3.5 Consistent improvement

BABY_002 6–12 38.9 41.2 +2.3 Minimal practice effect

BABY_003 6–12 51.3 49.8 −1.5 Stable performance

BABY_004 6–12 42.7 45.1 +2.4 Consistent engagement

BABY_005 12–18 67.8 69.2 +1.4 High stability

BABY_006 12–18 72.4 70.9 −1.5 Normal fluctuation

BABY_007 12–18 65.3 68.7 +3.4 Slight improvement

BABY_008 12–18 70.1 71.5 +1.4 Very stable

BABY_009 18–24 81.5 79.8 −1.7 Normal variation

BABY_010 18–24 78.9 82.3 +3.4 Consistent pattern

BABY_011 18–24 75.6 77.1 +1.5 Stable performance

BABY_012 18–24 79.8 81.2 +1.4 High reliability

Assessment Protocol:

• Session Interval: 7 days (±1 day) between baseline assessments.

• Testing Conditions: Same time of day, same laboratory environment.

• Administration: Standardized instructions and materials.

The values recorded in Table 8 derived through as-

sessed protocols (session interval, testing conditions and ad-

ministrative approach) demonstrate that object permanence

measures ICC = 0.79 [0.68, 0.87] reflect adequate test-retest

reliability for use in intervention studies, with no significant

practice effects between sessions one week apart.

For the adaptive algorithm, SHAP values displayed in

Figure 8 interpreted the feature importance in the MLmodel,

while learning curves shown in Figure 9 verified stability

across sessions. The SHAP analysis revealed that Touch

speed (39% contribution) and gesture precision (31% contri-

bution) were the most important features. Younger infants

(<12 months) were primarily classified based on motor con-

sistency while Older infants (>18 months) were classified
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more heavily on precision metrics. Also, no features showed

age-based bias that would disadvantage any developmen-

tal stage. Real-time accuracy monitoring flagged potential

data drift as recorded in Figure 10. The data drift analysis

with temporary accuracy fluctuations observed in Figure

10 (approximately 78% accuracy at minutes 70–80) were

analyzed using change point detection. These dips correlated

with session timing (late afternoon testing) and were con-

sistent with known infant fatigue patterns rather than model

drift. Post-hoc analysis confirmed performance recovery in

subsequent sessions, indicating robust model stability.

Ethical safeguards included preset termination rules

(session halt if ≥3 distress signs/minute) and full anonymiza-

tion through automated ID scrambling prior to analysis. All

parents present gave their approval and were passive with no

correlation between parents proximity and infants accuracy.

Figure 6. BabySens intervention effect sizes with the large effect threshold.

Figure 7. The map showing correlations between digital and physical skill measure.
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Figure 8. BabySens feature Importance Rank scores.

Figure 9. BabySens learning curve chart.

Figure 10. Real-Time monitoring and Drift detection chart.
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The results demonstrated statistically and develop-

mentally significant impacts. The adaptive system achieved

83% mean touch accuracy which yielded a 31-percentage-

point improvement over the baseline application (t(11) =

6.48, p < 0.01, d = 1.87). Engagement metrics showed 58%

longer sustained attention with a recorded mean duration

of 142 s and 92% fewer off-task behaviors versus control

conditions.

In addition, we observed a preliminary evidence of skill

generalization from digital to physical tasks among 9 of 12

infants who successfully applied digital-learned strategies to

physical tasks. Qualitative observations noted higher posi-

tive affect (smiling, babbling) during adaptive sessions, while

parental feedback highlighted appreciation for the transpar-

ent skill-progression reports. These outcomes validate Baby-

Sens’s core innovation achieved by bridging digital design

with developmental science while identifying needs for lon-

gitudinal follow-up particularly regarding long-term motor

skill impacts in future iterations.

5. Conclusions

This paper has successfully demonstrated the feasibility

of integrating adaptive machine learning, real-time behavior

tracking, and robust ethical safeguards in the development of

BabySens—a system designed for studies involving young

children. Key components included touch-based interaction

analysis, responsive toy feedback, and systematic perfor-

mance evaluation based on accuracy, engagement levels,

error rates, and distress signals. The use of SHAP values

enhanced interpretability, clarifying the factors influencing

the system’s decisions.

While our primary findings demonstrate significant im-

provements in digital interaction metrics, we also observed

preliminary evidence of skill generalization to physical tasks.

This suggests that developmentally-aligned digital experi-

ences may support broader learning, though further research

is needed to confirm transfer effects. BabySens maintained

consistent reliability across multiple sessions, with adaptive

mechanisms to detect and correct excessive data variability

in real time. Ethical protections were prioritized, including

automated session termination if distress signals exceeded

three instances per minute and stringent data anonymization

to preserve participant privacy, all without compromising

research integrity. By harmonizing advanced AI with ethi-

cal considerations, BabySens exemplifies how technology

can responsibly support child development research. The

framework established here can extend to future studies on

digital-physical skill acquisition, early intervention strate-

gies, and longitudinal developmental tracking.

This approach not only advances methodological inno-

vation but also underscores the importance of safeguarding

young participants in AI-driven research.

5.1. Limitation and Future Direction

While this study provides promising evidence for the

BabySens framework’s efficacy, several limitations merit

consideration. The primary constraint is the small sam-

ple size (N = 12), which, while adequate for this proof-of-

concept study and powered to detect large effects, limits gen-

eralizability and subgroup analysis, as reflected in our wide

confidence intervals. Furthermore, the cultural specificity of

our participant pool fromAbeokuta in Ogun state, Nigeria

may not fully represent global variations in child-rearing

practices or technology exposure, despite our socioeconomic

stratification. The study also examined only short-term ef-

fects over five sessions, leaving open questions about long-

term developmental impact and skill retention. Technical

and ecological constraints include the controlled laboratory

setting and specialized Bluetooth toys, which may not mir-

ror real-world usage across diverse home environments and

devices.

Finally, our measurement focus on cognitive and motor

outcomes omitted broader social-emotional and parent-child

interaction impacts, and while we observed no behavioral

distress, subtler forms of overstimulation may emerge with

prolonged use.

Moving forward, the fixed testing sequence (baseline

→ intervention → transfer) may introduce order and fatigue

effects. Future studies should implement counterbalancing

to isolate intervention effects from natural learning progres-

sion and prioritize conducting larger-scale trials with more

diverse participant pools to strengthen the generalizability

of these initial findings. Longitudinal studies tracking of

developmental outcomes over extended periods are essential

to understand the framework’s potential for lasting impact.

Cross-cultural validation across multiple distinct contexts

would help establish the universal applicability of the ap-
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proach while identifying necessary cultural adaptations. Im-

plementing researches to examine the real-world adoption

barriers and equipping facilitators to translate these findings

into practical applications. Additionally, exploring parent-

mediated intervention models that incorporate guided usage

protocols would help optimize the framework’s effectiveness

in natural settings.
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