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Optimising Dyslexia Intervention Leveraging 
a Mobile Adaptive Multi-Sensory AI Model with 
Real-Time Speech Analytic

ABSTRACT
Phonological dyslexia is a neurodevelopmental learning disorder characterised by persistent 
difficulties in phoneme–grapheme mapping, phonological decoding, and pronunciation 
accuracy. Conventional dyslexia interventions are often non-adaptive, therapist-dependent, 
and limited in scalability, reducing their effectiveness in inclusive education contexts. This 
study aims to develop and evaluate a mobile adaptive multi-sensory artificial intelligence 
(AI) model integrated with real-time speech analytics to optimise phonological dyslexia inter-
vention. The study employed a research and development (R&D) approach using the ADDIE 
framework, combined with a quasi-experimental pre- and post-test control group design. 
Participants were elementary school learners diagnosed with phonological dyslexia. The pro-
posed system integrates multi-sensory phonological training, adaptive difficulty adjustment, 
and real-time speech analytics to provide immediate feedback and personalised learning 
pathways. Data were collected through expert validation, usability questionnaires, phono-
logical reading tests, and speech analytics metrics, including phoneme error rate (PER) and 
word error rate (WER).

KEYWORDS
phonological dyslexia, adaptive artificial intelligence (AI), speech analytics, mobile learning, 
cognitive rehabilitation

1	 INTRODUCTION

Phonological dyslexia is one of the most prevalent cognitive reading disor-
ders among primary school children worldwide [1]. This neurobiological condi-
tion is characterised by significant difficulties in associating sounds (phonemes) 
with letter symbols (graphemes), which ultimately hinders reading fluency 
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and comprehension. The prevalence of this disorder reaches 7–10% of the global 
population, making it a critical issue that, if left unaddressed, can trigger academic 
decline, low self-esteem, and an increased risk of school dropout [2]. In Indonesia, 
the provision of rehabilitation services for dyslexic students still faces major chal-
lenges, particularly regarding the limited number of expert therapists and the 
minimal utilisation of artificial intelligence-based technology within inclusive edu-
cation. Phonological dyslexia is a specific neurodevelopmental learning disorder 
characterised by persistent difficulties in phoneme awareness, phoneme–grapheme  
correspondence, and decoding unfamiliar words, despite adequate intelligence 
and educational exposure [3]. This condition represents one of the most prevalent 
forms of dyslexia, particularly among elementary school learners, with reported 
global prevalence rates ranging from 7% to 10%. Learners with phonological dys-
lexia typically struggle to recognise and manipulate speech sounds, leading to slow, 
inaccurate reading and reduced comprehension. If not addressed through effective 
intervention, these difficulties may persist into adolescence and adulthood, neg-
atively affecting academic achievement, psychological well-being, and long-term 
socio-economic outcomes [4]. While such approaches may yield improvements, 
they are frequently constrained by limited availability of trained specialists, high 
intervention costs, and low scalability. Moreover, conventional methods tend to 
apply uniform training strategies, offering minimal personalisation and delayed 
feedback, which may reduce learner engagement and limit cognitive rehabilitation 
effectiveness [5].

Recent advancements in educational technology and artificial intelligence (AI) 
have opened new possibilities for addressing these limitations [6]. In particular, 
speech-based technologies such as text-to-speech (TTS) and speech-to-text (STT) 
systems have been increasingly explored to support phonological awareness and 
reading development [7]. Several digital interventions and serious games for dys-
lexia have demonstrated that auditory stimulation and interactive feedback can 
improve phoneme recognition and reading fluency. However, many existing sys-
tems remain non-adaptive, providing fixed levels of difficulty regardless of indi-
vidual learner progress and offering limited real-time analysis of phonological 
errors [8]. Research in cognitive rehabilitation and learning sciences consistently 
emphasises that adaptive training, immediate feedback, and personalised scaf-
folding are essential for strengthening phonological processing pathways in the 
brain [9].

Speech analytics, supported by AI-based signal processing and pattern recogni-
tion, offers a promising solution to this challenge [10]. By analysing acoustic features 
such as phoneme accuracy, articulation duration, and error patterns, speech analyt-
ics enables objective, real-time assessment of learners’ pronunciation performance. 
When integrated into an adaptive learning system, these analytics can drive auto-
matic adjustment of task difficulty, selection of appropriate stimuli, and delivery of 
corrective feedback tailored to individual needs [11]. Inclusive education services 
often face shortages of specialised therapists and lack digital tools designed specif-
ically for phonological rehabilitation [12]. However, for mobile interventions to be 
effective, they must move beyond static content delivery and incorporate adaptive, 
data-driven rehabilitation models [13]. To address these challenges, this study pro-
poses a Mobile Adaptive Multi-Sensory AI Model with Real-Time Speech Analytics 
designed to optimise dyslexia intervention for learners with phonological dyslexia. 
The proposed model integrates auditory simulation through TTS, real-time speech 
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analytics using STT and phonological error detection, and an adaptive self-training 
engine that dynamically adjusts training difficulty based on learner performance. By 
combining visual, auditory, and interactive feedback, the system aims to strengthen 
phonological awareness while reducing cognitive overload and increasing learner 
autonomy [14].

Furthermore, the inclusion of monitoring features allows teachers and therapists 
to track learner development and adjust intervention strategies when necessary. 
The novelty of this study lies in the integration of four key elements within a single 
mobile platform: (1) adaptive self-training logic, (2) multi-sensory phonological stim-
ulation, (3) real-time speech analytics, and (4) inclusive, learner-centred design. To 
the best of our knowledge, this study represents one of the first efforts in Indonesia 
to develop and empirically evaluate a mobile AI-based adaptive model specifically 
targeting phonological dyslexia rehabilitation [15]. Accordingly, the objectives of this 
study are threefold: (1) to develop a valid and practical mobile adaptive multi-sensory 
AI model for phonological dyslexia intervention, (2) to implement the model within 
a user-friendly mobile application integrated with real-time speech analytics, and 
(3) to evaluate the effectiveness of the proposed system in improving phonological 
reading performance among elementary school learners with dyslexia. By achiev-
ing these objectives, this study seeks to contribute both theoretically and practically 
to the fields of inclusive education, educational technology, and AI-assisted cognitive 
rehabilitation [16].

2	 MATERIALS AND METHODS

2.1	 Research design

This study adopted a developmental–experimental research design integrating 
Research and Development (R&D) with a quasi-experimental approach. The design 
was selected to address two primary objectives: developing a mobile adaptive 
multi-sensory AI model for phonological dyslexia intervention and empirically evalu-
ating its effectiveness. The ADDIE framework guided the development process, while 
a pretest–posttest control group design assessed intervention outcomes [17]. The 
R&D approach enabled a systematic process of designing, implementing, and 
refining the proposed intervention model to ensure alignment with pedagogical 
principles, cognitive rehabilitation theory, and technological feasibility. The ADDIE 
framework, consisting of the analyse, design, develop, implement, and evaluate 
phases, was employed due to its flexibility, iterative structure, and widespread 
use in educational technology research, particularly for adaptive and learner- 
centred systems. To evaluate the effectiveness of the developed model, a quasi- 
experimental pretest–posttest control group design was embedded within the 
R&D framework [18]. This design facilitated a direct comparison of phonological 
reading outcomes between learners who used the adaptive AI-based intervention 
(experimental group) and those who received conventional phonological instruc-
tion (control group). By integrating experimental evaluation into the development 
process, the study moves beyond product development and provides empirical 
evidence of learning impact [19]. The overall research design integrating the R&D 
approach, the ADDIE framework, and the quasi-experimental design is illustrated 
in Figure 1.

https://online-journals.org/index.php/i-jim


iJIM | Vol. 20 No. 9 (2026)	 International Journal of Interactive Mobile Technologies (iJIM)	 127

Optimising Dyslexia Intervention Leveraging a Mobile Adaptive Multi-Sensory AI Model with Real-Time Speech Analytic

Fig. 1. Research design mind map

The research design emphasises adaptive cognitive rehabilitation, in which inter-
vention difficulty is dynamically adjusted based on learners’ real-time performance 
derived from speech analytics. This design is particularly suitable for phonological 
dyslexia, a condition characterised by heterogeneous error patterns and varying 
levels of phonological processing deficits. By integrating adaptive system develop-
ment with controlled effectiveness testing, the research design ensures both internal 

https://online-journals.org/index.php/i-jim


	 128	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 20 No. 9 (2026)

Darni et al.

validity and practical relevance within inclusive education contexts [20]. The key 
components of the research design, including the research type, development 
model, experimental design, variables, participants, and data types, are summarised 
in Table 1.

Table 1. Research design framework

Component Description

Research Type R&D combined with quasi-experimental design

Development Model ADDIE

Experimental Design Pre- and post-test control group

Independent Variable Mobile adaptive AI-based dyslexia intervention

Dependent Variables Phonological accuracy, phoneme error rate

Participants Elementary learners with phonological dyslexia

Data Types Quantitative and qualitative

2.2	 Participants and research setting

The participants of this study consisted of elementary school learners diag-
nosed with phonological dyslexia, selected using a purposive sampling technique. 
Participant selection was carried out in collaboration with professional therapists 
and inclusive education practitioners to ensure that all learners met established 
diagnostic criteria for phonological dyslexia. These criteria included persistent dif-
ficulties in phoneme awareness, phoneme–grapheme correspondence, and phono-
logical decoding [21].

A total of 20 learners participated in the field implementation phase. Participants 
were divided into an experimental group receiving the adaptive AI-based interven-
tion and a control group following conventional phonological instruction. All partic-
ipants had normal or above-average intelligence and no sensory impairments. The 
study was conducted in two main settings. The first was the Educational Technology 
Development Laboratory at Universitas Negeri Padang, which supported system 
development and technical validation. The second was the Inclusive Education and 
Disability Service Unit of Padang City, serving as the field implementation site [22]. 
The demographic and educational characteristics of the research participants, 
including age range, grade level, dyslexia type, and group assignment, are presented 
in Table 2.

Table 2. Characteristic of research participants

Characteristic Description

Total participants 20 learners

Age range 7–10 years

Grade level Grades 2–4

Dyslexia type Phonological dyslexia

Experimental group 10 learners

Control group 10 learners
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2.3	 Development procedure (ADDIE model), data collection and data analysis

To guide the systematic development of the proposed mobile adaptive multi- 
sensory AI intervention, this study adopted the ADDIE instructional design model, 
which consists of five iterative phases: analyse, design, develop, implement, and 
evaluate. The ADDIE model was selected due to its structured yet flexible nature, 
making it particularly suitable for educational technology research that integrates 
pedagogical design, cognitive rehabilitation principles, and artificial intelligence–
based systems. In the Analysis phase, learner characteristics, phonological dyslexia 
profiles, and limitations of existing intervention approaches were identified through 
literature review, field observations, and expert consultations [23]. The Design phase 
focused on constructing the adaptive learning architecture, defining system work-
flows, and developing user interface and interaction designs tailored to learners with 
dyslexia. During the Develop phase, the conceptual design was implemented into 
a functional mobile application integrating speech analytics, auditory simulation, 
and adaptive training mechanisms [24]. The systematic development procedure of 
the proposed mobile adaptive multi-sensory AI intervention, following the ADDIE 
instructional design model, is illustrated in Figure 2.

Fig. 2. ADDIE model mind map 

Data collection in this study was designed to comprehensively capture both 
learning outcomes and system quality of the proposed mobile adaptive multi- 
sensory AI intervention. To achieve this objective, the study employed a mixed- 
methods data collection strategy, integrating quantitative performance measures 
with qualitative evaluative data. Quantitative data were collected to measure 
changes in learners’ phonological reading abilities before and after the interven-
tion, as well as to evaluate system performance and usability. These data provide 
objective evidence of intervention effectiveness and technical feasibility. Qualitative 
data were collected to complement quantitative findings by capturing expert judge-
ments, user experiences, and contextual insights related to system implementation 
in inclusive education settings. Data collection was conducted during three main 
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phases: pre-intervention (baseline assessment), intervention implementation, and 
post-intervention evaluation [25].

Data collection. Data collection in this study employed a mixed-methods 
approach to capture both learning outcomes and system quality of the adaptive 
multi-sensory AI intervention. Quantitative data were obtained through phonologi-
cal reading assessments and speech analytics metrics, including phoneme accuracy, 
phoneme error rate (PER), word error rate (WER), and articulation duration. These 
measurements were collected during pre-intervention and post-intervention phases 
to evaluate improvements in learners’ phonological performance.

In addition, system-related data were collected through expert validation instru-
ments and usability questionnaires. Expert validation involved specialists in edu-
cational technology, speech processing, and inclusive education, while usability 
data were gathered from learners and therapists using Likert-scale questionnaires. 
Observational data were also collected to support quantitative findings [26]. The 
instruments and indicators used for data collection, including learning outcomes, 
system quality, and expert validation measures, are detailed in Table 3.

Table 3. Instrument indicators for data collection

Aspect Indicator Measurement Method

Learning Outcomes Phoneme accuracy, PER, WER Speech analytics and reading tests

Learning Outcomes Reading fluency Syllables per minute

System Quality Functional suitability Black-box testing

System Quality Usability Likert-scale questionnaire

Expert Validation Content & technical validity Expert judgement

Data analysis. Data analysis was conducted using descriptive and inferential 
statistical techniques. Functional suitability was calculated using a Guttman scale 
to determine the proportion of successfully implemented system features. Expert 
validity was analysed using Aiken’s V coefficient, while usability was assessed using 
percentage-based Likert-scale analysis.

•	 Functional Suitability Index: X = PI
•	 Aiken’s V for expert validity: V = Σs/[n(c − 1)]
•	 Usability Percentage: Usability (%) = (Obtained Score/Maximum Score) × 100%
•	 Learning effectiveness was evaluated by comparing pretest and posttest scores 

using a paired-sample t-test at a significance level of 0.05. Speech analytics per-
formance was further analysed using PER and WER metrics. PER/WER formula: 
PER = (S + D + I)/N

3	 RESULT AND DISCUSSION

3.1	 System feasibility and validity

System feasibility and validity evaluation were conducted to ensure that the 
developed mobile adaptive multi-sensory AI intervention met predefined func-
tional, technical, and pedagogical requirements prior to effectiveness testing. This 
evaluation stage is critical in research and development–based studies, as it verifies 
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whether the system operates as intended and is suitable for implementation in real 
educational settings.

Figure 3 presents the application interface outputs of the Baca Lexia mobile 
system, illustrating the progression of phonological training from single-syllable to 
two-syllable and three-syllable reading tasks. These interface outputs demonstrate 
how the proposed adaptive multi-sensory AI system operationalises phonological 
dyslexia intervention through structured task sequencing, auditory reinforcement, 
and learner interaction. The interface design reflects a gradual increase in phono-
logical complexity, which is essential for learners with phonological dyslexia, who 
typically experience difficulties when processing multi-syllabic words.

Fig. 3. Application interface results for phonological training 

The application interface results confirm that the developed system successfully 
implements a progressive phonological training structure, moving from simple to 
more complex syllabic forms. The consistent placement of the audio playback fea-
ture across all training levels ensures continuity of auditory reinforcement, which is 
critical for learners with phonological dyslexia. The visual consistency across inter-
faces minimises extraneous cognitive load, allowing learners to focus on phonologi-
cal processing rather than interface navigation. Additionally, the clear segmentation 
of syllables and the use of familiar imagery support phonological awareness and 
pronunciation accuracy. Overall, the interface outputs demonstrate that the system 
is not only functionally operational but also pedagogically aligned with dyslexia 
intervention strategies. These visual results provide concrete evidence that the adap-
tive multi-sensory AI model has been effectively translated into a practical mobile 
learning application, complementing the quantitative findings on usability, learning 
effectiveness, and speech analytics performance reported in previous sections.

Feasibility assessment focused on functional suitability, examining whether all 
core system features such as speech analytics, adaptive difficulty adjustment, and 
multi-sensory interaction were successfully implemented and operated without crit-
ical errors. Validity assessment was conducted through expert judgement, involving 
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specialists in educational technology, speech and language processing, and inclusive 
education. Expert validation aimed to determine the appropriateness, accuracy, and 
relevance of the system from both technical and pedagogical perspectives shown 
in Table 4. The results of expert validation assessing the educational, technical, 
and inclusive design aspects of the adaptive multi-sensory AI system are presented 
in Table 4.

Table 4. Expert validity results of the adaptive multi-sensory AI system

Validator Domain Number of Items Aiken’s V Validity Category

Educational Technology Expert 12 0.89 High validity

Speech and Language Expert 10 0.87 High validity

Inclusive Education Expert 10 0.90 High validity

Overall Validity 32 0.887 High validity

The expert validity results indicate that the developed system achieved a high 
level of validity across all expert domains, with Aiken’s V values exceeding the com-
monly accepted threshold of 0.80. The highest validity score was obtained from the 
inclusive education expert, indicating strong alignment with the characteristics and 
needs of learners with phonological dyslexia.

Validation by speech and language experts confirms that the speech analytics 
and phonological feedback mechanisms embedded in the system are appropriate 
for phonological rehabilitation. Functional feasibility testing further showed that all 
designed system features operated successfully, resulting in a functional suitability 
index of 100%.

3.2	 Usability results

Usability evaluation was conducted to examine the extent to which the devel-
oped mobile adaptive multi-sensory AI system is easy to use, understandable, and 
acceptable for its intended users. In the context of dyslexia intervention, usability 
plays a critical role, as learners with phonological dyslexia may experience cognitive 
overload when interacting with complex digital interfaces. The usability assessment 
involved both learners and therapists. Data were collected using a Likert-scale ques-
tionnaire covering key usability dimensions, including ease of use, interface clarity, 
learnability, and user satisfaction. The usability evaluation results of the adaptive 
AI-based dyslexia intervention, covering ease of use, interface clarity, learnability, 
and user satisfaction, are presented in Table 5.

Table 5. Usability evaluation results of the adaptive AI-based dyslexia intervention

Usability Aspect Mean Score (%) Interpretation

Ease of Use 86.5 Very feasible

Interface Clarity 88.0 Very feasible

Learnability 84.2 Very feasible

User Satisfaction 89.1 Very feasible

Overall Usability 86.9 Very feasible
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The usability results indicate that the system achieved a very feasible level across 
all assessed aspects, with an overall usability score of 86.9%. High scores in ease of 
use and interface clarity suggest that the system interface is intuitive and accessi-
ble for learners with phonological dyslexia. The high user satisfaction score further 
reflects positive acceptance by both learners and therapists. Overall, these findings 
demonstrate that the system provides a user-centred learning environment and is 
suitable for practical implementation in inclusive education settings.

3.3	 Learning effectiveness results

Learning effectiveness evaluation was conducted to examine the impact of the 
mobile adaptive multi-sensory AI intervention on learners’ phonological reading 
performance. Effectiveness was measured by comparing learners’ performance 
before (pre-test) and after (post-test) the intervention period using a pre- and post-test 
control group design.

The experimental group received the adaptive AI-based intervention, while the 
control group followed conventional phonological reading activities. This compari-
son allows the analysis to identify differences in learning improvement attributable 
to the proposed system. The comparison of pretest and posttest phonological reading 
performance between the experimental and control groups is presented in Table 6.

Table 6. Pre- and post-test results of phonological reading performance

Group Test Mean Score Standard Deviation

Experimental Pre-test 62.4 6.8

Experimental Post-test 82.7 5.9

Control Pre-test 63.1 7.1

Control Post-test 69.3 6.5

The results show a substantial improvement in phonological reading perfor-
mance for learners in the experimental group after participating in the adaptive 
AI-based intervention. The mean score increased from 62.4 in the pre-test to 82.7 in 
the post-test, indicating a notable gain in phonological accuracy and reading ability. 
In contrast, the control group demonstrated only a modest improvement, with mean 
scores increasing from 63.1 to 69.3. This difference in score progression suggests that 
learners who engaged with the mobile adaptive AI system benefited more than those 
who received conventional instruction alone. The comparison between experimen-
tal and control groups indicates that the proposed intervention contributed positively 
to learning outcomes. These findings provide initial empirical evidence supporting 
the effectiveness of adaptive multi-sensory AI-based intervention for improving pho-
nological reading skills in learners with dyslexia. Statistical significance testing is 
presented in the subsequent analysis section to further substantiate these results.

3.4	 Learning effectiveness results

Speech analytics performance evaluation was conducted to objectively examine 
changes in learners’ phonological accuracy during the intervention. This evalua-
tion employed PER and WER metrics derived from learners’ speech data collected 
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during pre-intervention and post-intervention sessions. These metrics provide 
detailed measurements of pronunciation errors, including substitution, deletion, 
and insertion errors, which are characteristic of phonological dyslexia. The use of 
speech analytics allows a more precise assessment of phonological rehabilitation 
outcomes compared to conventional reading tests alone. The changes in speech ana-
lytics performance, measured using PER and WER before and after the intervention, 
are presented in Table 7.

Table 7. Speech analytics performance before and after intervention

Group Metric Pretest Mean Posttest Mean

Experimental PER 0.38 0.16

Experimental WER 0.42 0.18

Control PER 0.37 0.31

Control WER 0.41 0.34

The results show a marked reduction in phonological errors among learn-
ers in the experimental group following the adaptive AI-based intervention. PER 
decreased from 0.38 to 0.16, and WER decreased from 0.42 to 0.18, indicating sub-
stantial improvements in phoneme-level and word-level pronunciation accuracy. In 
contrast, the control group demonstrated only minor reductions in error rates. These 
findings suggest that the adaptive multi-sensory AI system contributed to more effec-
tive phonological rehabilitation compared to conventional instruction.

4	 DISCUSSION

The findings of this study demonstrate that the proposed mobile adaptive 
multi-sensory AI model with real-time speech analytics constitutes an effective and 
feasible approach for phonological dyslexia intervention. The combination of high 
system feasibility and validity, strong usability ratings, significant learning gains, 
and objective reductions in phonological error rates indicates that the intervention 
successfully addresses both technical implementation requirements and pedagog-
ical needs of learners with phonological dyslexia. The high expert validity scores 
suggest that the system design aligns well with principles of inclusive education, 
phonological rehabilitation, and educational technology. From a pedagogical per-
spective, experts recognised that the structured progression from single-syllable to 
multi-syllable tasks reflects evidence-based dyslexia intervention strategies, which 
emphasise gradual scaffolding and repetition. Technically, the validation results 
confirm that the integration of speech analytics and adaptive mechanisms func-
tions reliably within a mobile environment, supporting the system’s readiness 
for real-world implementation. Usability results further reinforce the practicality 
of the proposed system. High scores in ease of use, interface clarity, and user sat-
isfaction indicate that learners were able to interact with the application without 
excessive cognitive burden. This finding is particularly important for learners with 
phonological dyslexia, who are often sensitive to complex interfaces and cognitively 
demanding tasks. The consistent layout, clear visual cues, and accessible audio con-
trols observed in the application interface outputs contribute to reduced extraneous 
cognitive load, allowing learners to focus on phonological processing rather than 
navigation or interface comprehension.
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Overall, the findings suggest that integrating adaptive learning logic, multi-sensory 
stimulation, and speech analytics within a mobile platform offers a promising solu-
tion for scalable and inclusive dyslexia intervention. While the study demonstrates 
encouraging results, it is important to acknowledge that the sample size was limited 
and the intervention duration relatively short. Future research should involve larger 
and more diverse participant groups, longer intervention periods, and advanced 
speech analysis techniques to further validate and extend the applicability of the 
proposed model.

5	 CONCLUSION

This study demonstrates that a mobile adaptive multi-sensory AI model integrated 
with real-time speech analytics can serve as an effective, feasible, and user-friendly 
solution for phonological dyslexia intervention. The integration of adaptive learn-
ing mechanisms, multi-sensory stimulation, and objective speech analytics enables 
the system to respond dynamically to individual learner needs, addressing one  
of the core limitations of conventional, non-adaptive dyslexia interventions. Despite 
these promising outcomes, this study has several limitations. The sample size was 
relatively small, and the intervention was conducted over a limited duration. Future 
research should involve larger participant populations, extended intervention peri-
ods, and more advanced speech analytics techniques, such as deep phoneme clas-
sification and affect-aware feedback mechanisms. Additionally, longitudinal studies 
are needed to examine the sustainability of learning gains over time.

In conclusion, this study contributes to the growing body of research on AI-assisted 
inclusive education by providing empirical evidence that adaptive, multi-sensory, 
and speech-driven mobile interventions can effectively support phonological dys-
lexia rehabilitation. The proposed model offers a practical foundation for develop-
ing scalable and data-driven dyslexia intervention tools that bridge technological 
innovation and educational inclusion.
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