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ABSTRACT 

This paper performs a secondary analysis of multimodal learning analytics on augmented reality (AR)-enhanced 

vocabulary acquisition sessions that have been previously collected from children with autism spectrum disorder (ASD). 

Although AR provides visual and interactive support for vocabulary learning, standard performance measures offer little 

information about the differences in learners’ behaviors during and between different intervention stages. Nine children 

with mild ASD, aged 8–12 years, participated in a single-subject withdrawal design including familiarization, baseline, 

intervention, and maintenance phases. The proposed Phase-aware Multimodal Bayesian Learning Analytics approach 

incorporates session-level learning curves, application logs, screen capture videos, audio data, and systematic behavioral 

observations. A Bayesian hierarchical model was used to estimate personalized effects of intervention and maintenance 

phases taking into account heterogeneity of participants, dependence of sessions, items’ difficulties, tasks’ types, teacher 

instructions, and engagement predictors. Seven out of nine participants reached effective or highly effective performance 

with values of data above the median, however, maintenance effects varied between participants. In the leave-one-

participant-out validation, the full multimodal model achieved 0.852 accuracy, 0.814 macro F1-score, 0.889 area under 

the receiver operating characteristic curve (AUC), 0.148 Brier score, and 0.061 expected calibration error (ECE). 

Multimodal engagement features improved calibration and interpretation of results, although a sensitivity analysis 

showed a decrease in performance when the best responding participants were removed. 

Keywords: Augmented Reality; Autism Spectrum Disorder; Vocabulary Learning; Multimodal Learning Analytics; 

Bayesian Hierarchical Modeling; Personalized Learning; Interpretable Artificial Intelligence 

1. INTRODUCTION 

Autism spectrum disorder (ASD) is a neurodevelopmental condition characterized by persistent differences in social 

communication, restricted or repetitive behavioral patterns, and heterogeneous sensory, cognitive, and linguistic profiles 
[1]. Vocabulary learning is a central component of communication development in children with ASD because word 

knowledge supports object recognition, symbolic understanding, classroom participation, and later literacy. Nevertheless, 

vocabulary acquisition in ASD is highly heterogeneous. Some children demonstrate relatively fluent word recognition, 

whereas others have difficulty linking spoken labels, written forms, visual referents, and contextual meanings. 

Digital technologies have increasingly been used to support vocabulary instruction for children with ASD. Technology-

assisted interventions, including tablet-based applications, interactive learning environments, and mobile systems, may 

improve vocabulary-related learning for some children, but the magnitude and durability of benefit vary across learner 

characteristics and implementation contexts [2]. Augmented reality (AR) is particularly relevant because it overlays 

virtual objects onto the real environment and allows learners to inspect, manipulate, and respond to visually salient 

learning materials. Recent reviews indicate that AR-enhanced language learning can support engagement, attention, and 

symbolic association in autistic children, while also highlighting substantial variation in intervention design and learner 

response [3,4]. Evidence-based reviews of AR applications for autistic learners and individuals with developmental 

disabilities further suggest that AR can support academic instruction, functional learning, and observational learning 

when embedded in structured instructional routines [5]. 

Despite this growing evidence base, a key limitation remains. Many AR-based vocabulary studies focus primarily on 

outcome-level indicators, such as correct response rate, reaction time, or non-overlap statistics. These indicators are 

important for intervention evaluation, especially in single-subject research, but they provide limited explanation of why 
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one child shows a stable response to AR interaction while another shows weak, delayed, or unstable learning. Recent 

work on multimodal learning analytics (MMLA) suggests that learning processes can be better understood when 

performance data are integrated with behavioral, interactional, and contextual traces [6,7]. However, multimodal data from 

children with disabilities require transparent coding, data minimization, privacy protection, and cautious interpretation [8]. 

Artificial intelligence (AI) and learning analytics offer a methodological pathway for addressing this problem. Bayesian 

modeling for single-case and small-sample educational data allows participant-level heterogeneity and uncertainty to be 

modeled explicitly rather than treated as residual noise [9,10]. This is particularly important for ASD learning research, 

where between-child variability is not merely a statistical complication but a substantive feature of the learning process. 

Building on previously collected AR-supported vocabulary learning sessions reported in an intervention-focused study 
[11], the present work addresses a distinct research question: how can multimodal engagement and phase-specific learning 

trajectories explain heterogeneous learner responses in AR-supported vocabulary learning for children with ASD? The 

primary publication reported the AR intervention design and conventional learning outcomes. The present study uses the 

same learning sessions for a different analytical purpose: modeling phase-aware trajectories, multimodal engagement 

patterns, individualized posterior intervention effects, and exploratory learner response profiles. 

This study proposes a Phase-aware Multimodal Bayesian Learning Analytics (PMBLA) framework for the secondary 

analysis of AR-supported vocabulary learning data. The contributions are threefold. First, the study operationalizes a 

phase-aware representation of individualized learning trajectories across baseline, intervention, and maintenance phases. 

Second, it constructs interpretable multimodal engagement indicators from application logs, screen recordings, audio 

recordings, and structured behavioral observations while explicitly separating predictive and explanatory features. Third, 

it evaluates a Bayesian hierarchical model for estimating individualized intervention and maintenance effects under 

small-sample single-subject conditions. 

2. RELATED WORK 

2.1 AR-supported vocabulary learning for children with ASD 

AR has been increasingly investigated as an instructional medium for children and adolescents with ASD because it 

combines visual salience, spatial interaction, and repeated practice in a controlled learning environment. Reviews of AR-

based interventions report applications in social skills, academic instruction, functional skills, communication, and 

observational learning for autistic learners and individuals with developmental disabilities [5,12]. AR picturebooks and 

object-based AR activities have also been used to support attention, social interaction, and vocabulary-related learning 

by combining visual representations with teacher-mediated interaction [13]. 

Recent empirical studies have examined AR applications for academic vocabulary and science learning in autistic 

students. AR-supported vocabulary tasks can provide immediate visual referents and allow learners to manipulate three-

dimensional objects, potentially strengthening the association between spoken words, written labels, and object 

meanings [14,15]. Earlier AR-based vocabulary studies also reported improvements in response accuracy and reaction time 

for learners with ASD or intellectual disability, although individual differences remained substantial  [16]. 

The existing literature suggests that AR is not merely a display technology. It can reshape the interaction among the 

learner, teacher, and learning object. However, prior studies have often emphasized whether AR-supported activities are 

associated with positive outcomes rather than how learner engagement and phase-specific trajectories explain response 

variability. The present study therefore focuses on process-level modeling of AR-supported vocabulary learning. 

2.2 AI-supported personalized learning in special education 

AI-supported learning systems have been discussed as tools for adaptive feedback, learner profiling, individualized 

pacing, and assistive support for students with disabilities. A recent systematic literature review and meta-analysis on AI 

interventions for students with disabilities reported promising effects while emphasizing the importance of learner needs, 

implementation conditions, and educational context [17]. Work on AI-powered personalized learning in special education 

further argues that AI tools should support individualized learning paths while remaining guided by teachers and 

educational professionals [18]. Reviews of AI in special education also emphasize that intelligent systems should be 

transparent, accountable, and aligned with human support rather than replacing educators [19-21]. 

For ASD vocabulary learning, these findings imply that AI should not simply be used as a generic prediction engine. 

Instead, AI methods should help represent learner variability, identify interpretable engagement patterns, and support 
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individualized instructional decision-making. Because ASD intervention datasets are frequently small and repeated-

measure in nature, transparent models are preferable to high-capacity black-box models. This study follows that principle 

by using interpretable multimodal features and Bayesian individualized effect estimation. 

2.3 Multimodal learning analytics 

MMLA integrates multiple learning-related data sources to infer cognitive, behavioral, affective, and social dimensions 

of learning [6,7]. In K-8 learning contexts, MMLA has been used to analyze engagement, classroom interaction, digital 

learning behavior, and learner state, but recent reviews note that the field still needs clearer methodological protocols and 

stronger links between theory and practice [6]. Broader reviews of multimodal analysis in education also suggest that 

multimodal features can reveal learner states that are not captured by performance scores alone [7]. 

In educational data mining and learning analytics, trace data have been used for prediction, diagnosis, feedback, and 

adaptive decision-making [22]. Field deployments of MMLA show that multimodal systems can generate valuable 

evidence about learning behavior, but they also face challenges related to noisy data, ecological validity, teacher 

workload, and interpretability [23]. These concerns are especially important in ASD research because screen recordings, 

audio recordings, and behavioral traces may include identifiable information from children with disabilities. Therefore, 

multimodal learning analytics must be accompanied by clear coding rules, privacy safeguards, and careful control of data 

leakage. 

2.4 Bayesian modeling for single-subject intervention data 

Single-subject and single-case experimental designs are widely used in special education because they allow repeated 

measurement of individual learners and are appropriate when large randomized trials are difficult. Traditional single-

subject analysis often uses visual inspection and non-overlap indicators, such as percentage of data exceeding the median 

(PEM) and percentage of non-overlapping data (PND) [24-27]. These methods are useful for intervention evaluation but 

provide limited ability to model uncertainty, participant heterogeneity, session dependence, and multimodal predictors. 

Bayesian approaches are increasingly used for single-case experimental design data because they preserve individualized 

inference while supporting uncertainty quantification and hierarchical pooling [9,10,25]. This is particularly valuable in 

ASD learning research, where between-child variability is central to interpretation. The present study extends this logic 

by combining Bayesian hierarchical modeling with multimodal engagement features and phase-aware learning 

trajectories. 

3. MATERIALS AND METHODS 

3.1 Secondary analysis and relationship to the primary publication 

This study is a secondary multimodal learning analytics analysis of AR-supported vocabulary learning data collected in a 

single-subject withdrawal design. The primary publication reported the AR intervention design and conventional 

learning outcomes [11]. The present study addresses a distinct analytical objective: modeling individualized learning 

trajectories, engagement-related response mechanisms, and posterior intervention effects using interpretable multimodal 

learning analytics. 

No new participant recruitment or intervention exposure was conducted for this secondary analysis. The same learning 

sessions were reorganized into session-level and item-level analytical structures. The analysis focused on four phases: 

familiarization, baseline, intervention, and maintenance. During familiarization, children and teachers were introduced to 

the AR application. During baseline, children completed vocabulary or letter identification tasks without the AR 

intervention component. During intervention, children interacted with AR-supported word or letter activities with teacher 

assistance. During maintenance, the intervention was withdrawn and retention was assessed after a one-week interval. 

The analytical distinction from the primary publication is threefold. First, the present study models phase-aware learning 

trajectories rather than reporting only conventional phase-level intervention outcomes. Second, it integrates application 

logs, screen recordings, audio recordings, and structured behavioral observations into multimodal engagement indicators. 

Third, it uses Bayesian hierarchical modeling to estimate individualized intervention and maintenance effects while 

accounting for participant heterogeneity and session dependence. 
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3.2 Participants and AR learning environment 

Nine children with mild ASD participated in the analysis after one initially recruited participant withdrew during 

familiarization. Participants were aged 8-12 years. Six participants learned Arabic materials and three learned English 

materials. Seven participants were assigned to word-level vocabulary learning and two to Arabic letter learning 

according to teacher assessment of developmental level and task suitability. 

Table 1 summarizes participant characteristics and task assignments. As shown in Table 1, the sample contained both 

word-level and letter-level learners. This heterogeneity was retained because the purpose was to model individualized 

learning response rather than to estimate a single homogeneous group effect. 

Table 1. Participant characteristics and task assignment. 

Participant Gender Age Language condition Learning task Baseline performance level 

P1 Male 9 Arabic Words Low 

P2 Female 8 Arabic Words Moderate 

P3 Male 12 Arabic Words High 

P4 Male 12 Arabic Words High 

P5 Female 12 English Words High 

P6 Male 10 English Words High 

P7 Male 11 English Words Moderate 

P8 Female 8 Arabic Letters Low 

P9 Male 10 Arabic Letters Moderate 

The learning environment was a mobile AR application designed to support vocabulary and letter learning in Arabic and 

English. During word tasks, the child listened to a target word, selected the corresponding written word from three 

options, and interacted with a three-dimensional AR object representing the target. During letter tasks, the child selected 

and scanned a physical quick response (QR) card, after which an AR letter model appeared on the screen. The 

application used teacher-recorded pronunciations to provide familiar auditory input. 

The intervention was conducted in a quiet room. The iPad was mounted on a stand to stabilize the display and ensure a 

consistent viewing position. Teachers sat beside participants and provided verbal prompts, pointing gestures, 

demonstrations, and positive reinforcement when needed. Thus, the learning setting involved a child-teacher-AR 

interaction loop rather than isolated child-device use. 

3.3 Dataset statistics 

Each session contained three target items. Across the nine participants, the dataset included 293 valid sessions and 879 

item-level response observations. The distribution of sessions across phases is reported in Table 2. Table 2 indicates that 

although the participant sample was small, the repeated-measure structure provided sufficient session-level and item-

level observations for individualized trajectory modeling. Predictive evaluation therefore used leave-one-participant-out 

validation to avoid participant-level leakage. Predictive metrics were interpreted as repeated-measure cross-validation 

indicators rather than population-level generalization estimates because observations were clustered within a small 

number of participants. 
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Table 2. Dataset statistics used for secondary learning analytics. 

Dataset component Value 

Participants 9 

Total valid sessions 293 

Total item-level observations 879 

Baseline sessions 54 

Intervention sessions 185 

Maintenance sessions 54 

Arabic-learning participants 6 

English-learning participants 3 

Word-task participants 7 

Letter-task participants 2 

Data sources Application logs, screen recordings, audio recordings, behavioral observations 

3.4 PMBLA overview 

The proposed PMBLA framework contains four modules: data organization, phase-aware trajectory representation, 

multimodal engagement fusion, and Bayesian personalized effect estimation. Figure 1 illustrates the overall workflow. 

As shown in Figure 1, the framework treats each participant-session pair as a structured learning event. Application logs 

provide response accuracy and response time. Screen recordings provide interaction behaviors such as repeated clicking 

and AR manipulation. Audio recordings provide verbalization and teacher prompting information. Behavioral 

observations provide contextual indicators of attention, disengagement, affect, and interest alignment. 

 

Figure 1. Overall architecture of the PMBLA framework. 

3.5 Phase-aware trajectory representation 

For participant 𝑖 and session 𝑡, the phase-aware feature vector was defined as: 

𝐱𝑖,𝑡 = [𝑝𝑖,𝑡 , 𝑠𝑖,𝑡 , 𝑎𝑖,𝑡 , 𝑟𝑖,𝑡 , 𝑒𝑖,𝑡
𝑝𝑟𝑒𝑑

, 𝑒𝑖,𝑡
𝑒𝑥𝑝

, 𝑣𝑖,𝑡 ,𝑚𝑖,𝑡 , 𝑑𝑖,𝑡 , 𝑙𝑖 , 𝑞𝑖]  (1) 

where 𝑝𝑖,𝑡  denotes the learning phase, 𝑠𝑖,𝑡  is the normalized session index, 𝑎𝑖,𝑡  is the correct response rate, 𝑟𝑖,𝑡  is the 

average response time, 𝑒𝑖,𝑡
𝑝𝑟𝑒𝑑

 is the predictive multimodal engagement index, 𝑒𝑖,𝑡
𝑒𝑥𝑝

 is the explanatory multimodal 
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engagement index, 𝑣𝑖,𝑡 indicates verbalization, 𝑚𝑖,𝑡 indicates AR object manipulation, 𝑑𝑖,𝑡 is the session-level difficulty 

ratio, 𝑙𝑖 is the language condition, and 𝑞𝑖 is the learning task type. 

The intervention gain for participant 𝑖 was defined as: 

𝐺𝑖 = 𝑎‾𝑖,int − 𝑎‾𝑖,base (2) 

where 𝑎‾𝑖,int and 𝑎‾𝑖,base denote the mean correct response rates in the intervention and baseline phases, respectively. 

Maintenance retention was defined as: 

𝑅𝑖 = 𝑎‾𝑖,main − 𝑎‾𝑖,base (3) 

where 𝑎‾𝑖,main is the mean correct response rate in the maintenance phase. 

Session-level difficulty was computed as: 

𝑑𝑖,𝑡 =
𝑁𝑖,𝑡

difficult

𝑁𝑖,𝑡
total

  
(4) 

where 𝑁𝑖,𝑡
difficult denotes the number of teacher-rated difficult items in session 𝑡, and 𝑁𝑖,𝑡

total denotes the total number of 

items in that session. For item-level modeling, 𝑑𝑖,𝑡,𝑗 = 0 represented a teacher-rated easy item and 𝑑𝑖,𝑡,𝑗 = 1 represented 

a teacher-rated difficult item. 

3.6 Multimodal coding and reliability 

Multimodal engagement features were coded from application logs, screen recordings, audio recordings, and behavioral 

notes. Table 3 reports the coding scheme. Table 3 was used to ensure that behavioral and multimodal features were 

operationalized consistently. The coding scheme also separated observable events, such as clicking or verbalization, 

from interpretive observations, such as disengagement. Teacher prompting was treated as a support-context feature rather 

than a purely positive engagement feature because it may reflect both instructional scaffolding and task difficulty. 

Table 3. Multimodal feature groups and coding rules. 

Feature 

group 
Data source Feature Coding rule 

Performance Application logs 
Correct first 

attempt 
1 if the first response was correct; otherwise 0 

Performance Application logs Response time Time from prompt onset to first response 

Interaction Screen recording 
Repeated 

clicking 

More than three consecutive selections of the same option within two 

seconds 

Interaction Screen recording AR manipulation 
Rotation, zooming, alignment, movement, or attempted physical 

interaction with the AR object 

Audio-verbal Audio recording Verbalization Child repeated or attempted the target word or letter 

Support 

context 

Audio/screen 

recording 
Teacher prompt Verbal or gestural support before response 

Behavioral Observation notes Disengagement 
No task-directed response within ten seconds after prompt or explicit 

refusal 

Behavioral Observation notes 
Interest 

alignment 
Target content matched an observed or teacher-reported interest 

Behavioral Observation notes 
Random 

responding 

Rapid selections inconsistent with prompt and not followed by task-

directed correction 

Two trained coders independently coded 25% of the sessions. Cohen’s kappa was used for binary features, and intraclass 

correlation coefficient (ICC) was used for count-based features. Table 4 reports the reliability results. As shown in Table 
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4, most coding categories achieved good agreement. Interest alignment had slightly lower agreement because some cases 

required interpretation of contextual cues and teacher comments. Disagreements were resolved through discussion before 

final coding. 

Table 4. Reliability of multimodal behavioral coding. 

Feature Reliability metric Value Interpretation 

Repeated clicking Cohen’s kappa 0.82 Good 

AR manipulation ICC 0.86 Good 

Verbalization Cohen’s kappa 0.79 Good 

Teacher prompt ICC 0.83 Good 

Disengagement Cohen’s kappa 0.76 Good 

Interest alignment Cohen’s kappa 0.74 Acceptable 

Random responding Cohen’s kappa 0.81 Good 

3.7 Predictive and explanatory feature separation 

Because multimodal learning sessions contain both predictive and explanatory signals, feature use was explicitly 

separated to reduce data leakage. Table 5 summarizes which features were used for prediction and which were restricted 

to explanatory analysis. As shown in Table 5, features that occurred after a response or required post hoc interpretation 

were not used as predictors. This distinction was important because predictive modeling estimated response probability 

using information available before or during the response window, whereas explanatory analysis interpreted broader 

session-level learning behavior. 

Table 5. Feature use and leakage control. 

Feature type 
Used in predictive 

modeling 

Used in explanatory 

analysis 
Leakage control 

Learning phase Yes Yes Known before session 

Prior session performance Yes Yes Previous sessions only 

Response-time history Yes Yes 
Previous or current response 

window only 

AR manipulation before first 

response 
Yes Yes 

Time-stamped before first 

selection 

Verbalization before or during 

first response 
Yes Yes 

Time-stamped before first 

selection 

Teacher prompt before first 

response 
Yes Yes 

Modeled as support-context 

feature 

Repeated clicking before first 

response 
Yes Yes 

Time-stamped before first 

selection 

Post-response affect No Yes Excluded from prediction 

Researcher-coded disengagement No Yes 
Used only for explanatory 

profiling 

Interest alignment No Yes 
Used only for explanatory 

interpretation 

Maintenance profile label No Yes Derived after model estimation 
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3.8 Multimodal engagement indices 

To avoid conflating prediction and post hoc interpretation, two multimodal engagement indices were constructed. 

The predictive multimodal engagement index, 𝑀𝐸𝐼𝑖,𝑡
𝑝𝑟𝑒𝑑

, included only time-stamped behaviors available before or 

during the first-response window: 

𝑀𝐸𝐼𝑖,𝑡
𝑝𝑟𝑒𝑑

= 𝜎(𝑤1𝐴𝑖,𝑡
𝑝𝑟𝑒

+ 𝑤2𝑉𝑖,𝑡
𝑝𝑟𝑒

−𝑤3𝐶𝑖,𝑡
𝑝𝑟𝑒

) (5) 

where 𝐴𝑖,𝑡
𝑝𝑟𝑒

 is the pre-response AR interaction score, 𝑉𝑖,𝑡
𝑝𝑟𝑒

 is the pre-response or during-response verbalization score, 

𝐶𝑖,𝑡
𝑝𝑟𝑒

 is the pre-response repeated-clicking index, and 𝜎(⋅) is the sigmoid normalization function. 

The explanatory multimodal engagement index, 𝑀𝐸𝐼𝑖,𝑡
𝑒𝑥𝑝

, was used only for post hoc behavioral interpretation: 

𝑀𝐸𝐼𝑖,𝑡
𝑒𝑥𝑝

= 𝜎(𝑤1𝐴𝑖,𝑡 + 𝑤2𝑉𝑖,𝑡 + 𝑤3𝑆𝑖,𝑡 +𝑤4𝐼𝑖,𝑡 − 𝑤5𝐶𝑖,𝑡 − 𝑤6𝐷𝑖,𝑡) (6) 

where 𝐴𝑖,𝑡 is the full-session AR interaction score, 𝑉𝑖,𝑡 is the verbalization score, 𝑆𝑖,𝑡 is the positive social response score, 

𝐼𝑖,𝑡 is the interest alignment indicator, 𝐶𝑖,𝑡 is the repeated-clicking index, and 𝐷𝑖,𝑡 is the disengagement index. 

To avoid data leakage, predictive MEI weights were estimated within each leave-one-participant-out training fold and 

then applied to the held-out participant. For explanatory analyses, the final explanatory MEI was computed using the 

mean of fold-specific weights. Table 6 reports the fold-averaged predictive MEI weights. Table 6 shows that AR 

interaction and verbalization contributed positively to predictive engagement, whereas repeated clicking received a 

negative weight. This supports the interpretation that frequent screen activity is not necessarily productive engagement. 

Table 6. Fold-averaged predictive MEI weights. 

Component Symbol Weight mean Standard deviation Direction 

Pre-response AR interaction A_pre 0.34 0.06 Positive 

Pre/during-response verbalization V_pre 0.26 0.05 Positive 

Pre-response repeated clicking C_pre -0.29 0.07 Negative 

3.9 Bayesian hierarchical learning-effect model 

The primary outcome was whether a response was correct on the first attempt. For participant 𝑖, session 𝑡, and item 𝑗, the 

binary response was modeled as: 

𝑦𝑖,𝑡,𝑗 ∼ Bernoulli(𝜋𝑖,𝑡,𝑗) (7) 

where 𝑦𝑖,𝑡,𝑗 = 1 indicates a correct first-attempt response and 𝑦𝑖,𝑡,𝑗 = 0 indicates an incorrect first-attempt response. 

The response probability was modeled using a logit link: 

logit(𝜋𝑖,𝑡,𝑗) = 𝛼𝑖 + 𝑢𝑖,𝑡 + 𝛽1,𝑖𝐼𝑡
int + 𝛽2,𝑖𝐼𝑡

main + 𝛽3𝑠𝑖,𝑡 + 𝛽4𝑀𝐸𝐼𝑖,𝑡
𝑝𝑟𝑒𝑑

+ 𝛽5𝑑𝑖,𝑡,𝑗 + 𝛽6𝑞𝑖 + 𝛽7𝑙𝑖 + 𝛽8𝑃𝑖,𝑡
𝑝𝑟𝑒

 (8) 

where 𝛼𝑖  is a participant-specific intercept, 𝑢𝑖,𝑡  is a session-level random intercept, 𝐼𝑡
int  is the intervention-phase 

indicator, 𝐼𝑡
main  is the maintenance-phase indicator, 𝑠𝑖,𝑡  is the normalized session index, 𝑀𝐸𝐼𝑖,𝑡

𝑝𝑟𝑒𝑑
 is the predictive 

multimodal engagement index, 𝑑𝑖,𝑡,𝑗 is item difficulty, 𝑞𝑖 is the task type, 𝑙𝑖 is the language condition, and 𝑃𝑖,𝑡
𝑝𝑟𝑒

 is the 

pre-response teacher prompt frequency. Teacher prompting was modeled separately because it may indicate both 

instructional support and task difficulty. 

Participant-level heterogeneity was represented as: 

𝛼𝑖 ∼ 𝒩(𝜇𝛼 , 𝜎𝛼
2) (9) 

𝛽1,𝑖 ∼ 𝒩(𝜇𝛽1 , 𝜎𝛽1
2 ), 𝛽2,𝑖 ∼ 𝒩(𝜇𝛽2 , 𝜎𝛽2

2 ) (10) 

where 𝜇𝛽1  is the average intervention effect, 𝜇𝛽2  is the average maintenance effect, and 𝜎𝛽1  and 𝜎𝛽2  capture between-

participant variability in phase effects. 
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The session-level random intercept was defined as: 

𝑢𝑖,𝑡 ∼ 𝒩(0, 𝜎𝑢
2) (11) 

Weakly informative priors were used: 

𝜇𝛼 , 𝜇𝛽1 , 𝜇𝛽2 , 𝛽3, … , 𝛽8 ∼ 𝒩(0,1), 𝜎𝛼 , 𝜎𝛽1 , 𝜎𝛽2 , 𝜎𝑢 ∼ HalfNormal(1) (12) 

The posterior predictive probability was computed as: 

𝜋̂𝑖,𝑡,𝑗 = 𝔼[𝑃(𝑦𝑖,𝑡,𝑗 = 1|𝐱𝑖,𝑡 , 𝛩)] (13) 

where 𝛩 denotes the posterior distribution of model parameters. 

3.10 Implementation details 

The computational pipeline was implemented in Python. Data preprocessing was conducted using pandas and NumPy. 

Logistic and random forest baselines were implemented using scikit-learn. Bayesian inference was implemented using 

PyMC. Four Markov chain Monte Carlo chains were run, with 1,000 warm-up iterations and 2,000 posterior draws per 

chain. The target acceptance probability was set to 0.90. 

All continuous features were standardized within training folds. Logistic regression used L2 regularization with 𝐶 = 1.0. 

The random forest model used 500 trees, maximum depth of 3, and minimum leaf size of 2. Bayesian convergence was 

evaluated using 𝑅̂, effective sample size, divergent transitions, and posterior predictive checks. 

4. EXPERIMENTS 

4.1 Research questions 

The experiments were organized around four research questions: 

RQ1: Can phase-aware trajectory representation describe individualized learning changes across baseline, intervention, 

and maintenance phases? 

RQ2: Do predictive multimodal engagement features improve session-level prediction and calibration compared with 

log-only or phase-only models? 

RQ3: Can Bayesian hierarchical modeling estimate individualized intervention and maintenance effects under small-

sample single-subject conditions? 

RQ4: Can interpretable learner response profiles be derived from trajectory, engagement, and posterior effect estimates? 

4.2 Comparative methods 

The following methods were compared: 

Log-only logistic model: Logistic regression using phase, session index, response time, and previous correct response 

history. 

Random forest model: A tree-based model using log and phase features. 

Bayesian phase-only model: A hierarchical Bayesian model including phase indicators, participant-level random effects, 

and session-level random effects but excluding multimodal engagement features. 

PMBLA without audio-verbal features: The proposed model excluding pre-response verbalization features. 

PMBLA full model: The complete model including phase-aware trajectory features, predictive multimodal engagement, 

session-level random effects, and participant-level Bayesian phase effects. 

Traditional single-subject indicators, including correct response rate and PEM, were reported separately as intervention 

outcome measures rather than classification baselines. 
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4.3 Validation strategy 

Predictive performance was evaluated using leave-one-participant-out (LOPO) validation. In each fold, all sessions from 

one participant were held out as the test set, and all remaining participants were used for model training and calibration. 

This strategy avoided participant-level leakage and evaluated whether the model could generalize to an unseen child. 

For uncertainty estimation, participant-cluster bootstrap with 1,000 resamples was used to calculate 95% confidence 

intervals for predictive metrics. Bayesian posterior uncertainty was reported using 95% credible intervals. 

4.4 Evaluation metrics 

Correct response rate (CRR) was calculated as: 

𝐶𝑅𝑅𝑖,𝑡 =
𝑁𝑖,𝑡

𝑐𝑜𝑟𝑟𝑒𝑐𝑡

𝑁𝑖,𝑡
𝑡𝑜𝑡𝑎𝑙

  
(14) 

where 𝑁𝑖,𝑡
correct is the number of correct first-attempt responses and 𝑁𝑖,𝑡

total is the total number of items in session 𝑡. 

PEM was computed as: 

𝑃𝐸𝑀𝑖 =
∑ 𝕀𝑡∈𝐼𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛 (𝑎𝑖,𝑡 > 𝑀𝑒𝑑𝑖𝑎𝑛(𝐴𝑖,𝑏𝑎𝑠𝑒))

|𝐼𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛|
× 100% 

(15) 

where 𝐴𝑖,base is the set of baseline correct response rates for participant 𝑖. 

Accuracy was defined as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
  

(16) 

where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 denote true positives, true negatives, false positives, and false negatives. 

Macro-F1 was calculated as: 

𝑀𝑎𝑐𝑟𝑜-𝐹1 =
1

𝐾
∑

2𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑘𝑅𝑒𝑐𝑎𝑙𝑙𝑘
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑘 + 𝑅𝑒𝑐𝑎𝑙𝑙𝑘

𝐾

𝑘=1

 

(17) 

where 𝐾 is the number of outcome classes. 

The Brier score was used to evaluate probabilistic calibration: 

𝐵𝑟𝑖𝑒𝑟 =
1

𝑁
∑(𝑝̂𝑛 − 𝑦𝑛)

2

𝑁

𝑛=1

  

(18) 

where 𝑝̂𝑛 is the predicted probability and 𝑦𝑛 is the observed binary outcome. 

Expected calibration error (ECE) was calculated as: 

𝐸𝐶𝐸 = ∑
|𝑆𝑏|

𝑁

𝐵

𝑏=1

|𝑎𝑐𝑐(𝑆𝑏) − 𝑐𝑜𝑛𝑓(𝑆𝑏)| 
(19) 

where 𝑆𝑏  is the set of samples in probability bin 𝑏 , 𝑎𝑐𝑐(𝑆𝑏) is empirical accuracy, and 𝑐𝑜𝑛𝑓(𝑆𝑏) is mean predicted 

confidence. Area under the receiver operating characteristic curve (AUC) was used to evaluate discrimination ability. 

4.5 Single-subject design quality checks 

Because the data were derived from a single-subject withdrawal design, phase quality and baseline stability were 

examined descriptively before model interpretation. Table 7 reports the phase-level design checks. As shown in Table 7, 

baseline instability was most visible in P1 and P9, whereas P3-P6 showed high baseline performance that introduced 

partial ceiling constraints. These factors were addressed analytically through participant-specific intercepts, session 

random effects, and cautious interpretation of maintenance effects. 
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Table 7. Single-subject design quality checks. 

Participant 
Baseline 

sessions 

Intervention 

sessions 

Maintenance 

sessions 

Baseline 

trend 

Overlap 

concern 
Comment 

P1 6 18 6 Unstable High 
Random responding 

and repeated clicking 

P2 6 21 6 
Moderately 

stable 
Moderate 

Delayed maintenance 

improvement 

P3 6 21 6 High baseline Low 
Possible ceiling 

tendency 

P4 6 20 6 High baseline Low 
Stable high 

performance 

P5 6 20 6 High baseline Low 
Maintenance gain 

despite high baseline 

P6 6 22 6 High baseline Low 
Strong and stable 

response 

P7 6 21 6 
Moderately 

stable 
Low 

Delayed improvement 

pattern 

P8 6 20 6 Low baseline Moderate 
Gradual improvement 

with prompting 

P9 6 22 6 
Moderately 

unstable 
Moderate 

Strong intervention but 

weak maintenance 

5. RESULTS 

5.1 Descriptive single-subject outcomes 

Table 8 reports descriptive outcomes across participants. The results show substantial individual variability. Participants 

P3-P7 generally maintained high or improved performance, whereas P1 showed unstable responding and limited 

intervention-related change. P8 showed gradual improvement from a low baseline, and P9 improved during intervention 

but did not maintain the same level after withdrawal. 

Table 8. Descriptive phase outcomes and PEM values. 

Participant 
Baseline 

CRR (%) 

Intervention 

CRR (%) 

Maintenance 

CRR (%) 

PEM 

(%) 

Response-time 

change (s) 
Interpretation 

P1 42.9 38.7 42.1 33.3 -1.41 Unreliable effect 

P2 61.7 65.4 79.3 66.7 +0.62 
Questionable-to-moderate 

effect 

P3 84.6 90.4 95.0 86.1 -0.34 Effective effect 

P4 90.5 96.5 93.0 91.6 +0.28 Highly effective effect 

P5 81.6 89.1 96.4 81.5 +0.49 Effective effect 

P6 87.5 98.5 100.0 100.0 -0.42 Highly effective effect 

P7 73.6 88.6 98.9 94.4 -5.05 Highly effective effect 

P8 38.3 53.8 63.3 86.7 +1.10 Effective effect 
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Table 8. (continued) Descriptive phase outcomes and PEM values. 

Participant 
Baseline 

CRR (%) 

Intervention 

CRR (%) 

Maintenance 

CRR (%) 

PEM 

(%) 

Response-time 

change (s) 
Interpretation 

P9 65.0 78.2 63.0 93.3 -0.25 
Strong intervention effect 

with weaker maintenance 

As shown in Table 8, seven of nine participants reached PEM values above 70%, indicating effective or highly effective 

intervention effects under the median-based criterion. However, PEM alone did not fully capture delayed retention. P9 

showed a high intervention-phase PEM but returned close to baseline during maintenance, indicating that immediate 

AR-supported engagement did not necessarily translate into durable retention after withdrawal. 

Figure 2 supports the interpretation that participants differed not only in mean performance but also in trajectory shape. 

P7 demonstrated delayed strengthening across intervention and maintenance, whereas P9 showed an intervention-

centered gain with weaker maintenance. Baseline instability in P1 also helps explain why the posterior intervention 

estimate remained uncertain. 

 

Figure 2. Phase-aware individualized learning trajectories. 

5.2 Predictive model comparison 

Table 9 reports LOPO predictive performance. The PMBLA full model showed the most favorable overall predictive 

performance, with accuracy of 0.852, macro-F1 of 0.814, AUC of 0.889, Brier score of 0.148, and ECE of 0.061. 

Confidence intervals were obtained by participant-cluster bootstrap rather than item-level bootstrap. 
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Table 9. Leave-one-participant-out predictive performance. 

Model Feature source Accuracy Macro-F1 AUC Brier score ECE 

Log-only logistic model Logs + phase features 
0.742 [0.681, 

0.801] 

0.701 [0.632, 

0.759] 

0.771 [0.704, 

0.826] 

0.197 [0.168, 

0.231] 

0.103 [0.078, 

0.137] 

Random forest model Logs + phase features 
0.781 [0.716, 

0.834] 

0.742 [0.681, 

0.801] 

0.823 [0.761, 

0.871] 

0.176 [0.145, 

0.211] 

0.119 [0.086, 

0.154] 

Bayesian phase-only 

model 

Logs + hierarchical phase 

effects 

0.803 [0.742, 

0.854] 

0.766 [0.704, 

0.821] 

0.846 [0.789, 

0.892] 

0.164 [0.134, 

0.197] 

0.084 [0.061, 

0.113] 

PMBLA without audio-

verbal features 

Logs + predictive visual 

interaction features 

0.841 [0.781, 

0.887] 

0.803 [0.742, 

0.861] 

0.879 [0.824, 

0.918] 

0.151 [0.124, 

0.184] 

0.069 [0.048, 

0.096] 

PMBLA full model 
Full predictive multimodal 

features 

0.852 [0.791, 

0.901] 

0.814 [0.752, 

0.873] 

0.889 [0.831, 

0.932] 

0.148 [0.121, 

0.181] 

0.061 [0.039, 

0.087] 

The performance pattern in Table 9 indicates that predictive multimodal engagement features improved both 

discrimination and calibration. The random forest achieved reasonable AUC but had weaker ECE than the Bayesian 

models, suggesting that tree-based prediction was less well calibrated under small-sample, repeated-measure conditions. 

As illustrated in Figure 3, the model was generally well calibrated, but slight overconfidence appeared in high-

probability bins. Inspection of held-out sessions showed that this overconfidence was most visible in sessions where a 

child appeared behaviorally engaged but still made repeated or random selections. This finding supports the need to 

distinguish productive engagement from nonproductive screen activity. 

 

 

Figure 3. Prediction and calibration results of the PMBLA full model. 

5.3 Ablation analysis 

Table 10 reports the ablation analysis. Starting from the phase-only Bayesian model, adding pre-response AR interaction 

features improved macro-F1 from 0.766 to 0.792. Adding repeated-clicking features further improved AUC from 0.861 

to 0.879. The full model, which included pre/during-response verbalization, achieved the best Brier score and ECE. 
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Table 10. Ablation analysis of predictive feature groups. 

Variant 
Phase 

trajectory 

Pre-response AR 

interaction 

Repeated-clicking 

feature 

Audio-verbal 

feature 
Accuracy 

Macro-

F1 
AUC Brier 

A Yes - - - 0.803 0.766 0.846 0.164 

B Yes Yes - - 0.826 0.792 0.861 0.157 

C Yes Yes Yes - 0.841 0.803 0.879 0.151 

D Yes Yes Yes Yes 0.852 0.814 0.889 0.148 

Table 10 shows that no single feature group fully explained learning performance. Pre-response AR interaction improved 

the model’s ability to identify task-directed engagement. Repeated-clicking features helped distinguish active exploration 

from unstable response behavior. Audio-verbal features contributed most to calibration, likely because verbalization 

clarified whether a correct response reflected emerging task understanding. Figure 4 provides a concise visual summary 

of the ablation results in Table 10. The performance gain was incremental rather than abrupt, suggesting that the model 

benefited from complementary predictive cues rather than a single dominant modality. 

 

Figure 4. Ablation performance across predictive feature groups. 

5.4 Bayesian individualized intervention and maintenance effects 

Table 11 reports posterior individualized intervention and maintenance effects. Effects are presented as odds ratios (ORs). 

Values greater than 1 indicate increased odds of correct first-attempt response relative to baseline. Table 11 demonstrates 

that intervention and maintenance effects were not equivalent. P6 and P7 showed strong effects in both intervention and 

maintenance. P9 showed a clear intervention effect but weak maintenance evidence. P1 showed uncertain effects in both 

phases, consistent with low PEM and behavioral evidence of random responding. 
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Table 11. Posterior individualized intervention and maintenance effects. 

Participant 
Intervention 

OR 

95% 

credible 

interval 

P(OR>1) 
Maintenance 

OR 

95% 

credible 

interval 

P(OR>1) Interpretation 

P1 1.06 [0.81, 1.37] 0.61 1.08 [0.82, 1.42] 0.63 Weak and uncertain 

P2 1.34 [0.98, 1.82] 0.93 1.61 [1.12, 2.31] 0.98 
Delayed retention 

tendency 

P3 1.58 [1.12, 2.23] 0.98 1.93 [1.29, 2.86] 0.99 Stable positive effect 

P4 1.76 [1.20, 2.71] 0.99 1.55 [1.03, 2.39] 0.97 
High baseline with 

retained effect 

P5 1.69 [1.14, 2.52] 0.98 2.04 [1.31, 3.16] 0.99 Strong retention effect 

P6 2.31 [1.45, 3.88] 0.99 2.78 [1.63, 4.91] 0.99 
Strong stable 

responder 

P7 2.12 [1.36, 3.49] 0.99 2.66 [1.58, 4.62] 0.99 
Strong delayed 

improvement 

P8 1.62 [1.10, 2.45] 0.98 1.81 [1.17, 2.82] 0.99 Gradual improvement 

P9 1.89 [1.26, 2.96] 0.99 1.02 [0.72, 1.48] 0.54 
Immediate gain with 

weak retention 

Figure 5 clarifies that a high intervention response does not necessarily imply delayed retention. This distinction is 

important for AR learning systems because immediate engagement during AR interaction may require additional 

retrieval practice or fading strategies to support maintenance. 

 

Figure 5. Posterior distributions of individualized intervention and maintenance effects. 
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5.5 Engagement-learning relationship 

The explanatory MEI was positively associated with intervention gain and maintenance retention. Because the analysis 

included nine participants, these participant-level correlations were used as exploratory descriptive indicators rather than 

standalone inferential evidence. Table 12 reports the association results. 

As shown in Table 12, explanatory engagement was moderately associated with intervention gain and weak-to-

moderately associated with maintenance retention. The associations were interpreted alongside trajectory plots and 

posterior estimates rather than as confirmatory statistical evidence. 

Table 12. Exploratory association between explanatory MEI and learning outcomes. 

Relationship Pearson r Spearman rho Permutation p Interpretation 

MEI_exp vs intervention gain 0.62 0.58 0.09 Moderate exploratory association 

MEI_exp vs maintenance retention 0.54 0.49 0.14 Weaker exploratory association 

Figure 6 shows that participants with high explanatory MEI tended to show stronger learning gains, but P9 formed an 

informative exception. P9 had strong intervention engagement related to AR letter-card alignment, yet the maintenance 

effect was weak. This suggests that the type and timing of engagement matter. Engagement during AR interaction may 

support immediate performance, whereas durable retention may require retrieval practice after AR withdrawal. 

 

Figure 6. Relationship between explanatory multimodal engagement and learning gain. 

5.6 Multimodal behavioral interpretation 

Table 13 summarizes participant-level behavioral patterns and their relation to model outputs. Table 13 supports the 

central interpretation that AR-supported learning outcomes were mediated by qualitatively different engagement 

pathways. Some children showed self-directed manipulation of AR content, whereas others depended more heavily on 

teacher prompts, interest alignment, or structured task support. 
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Table 13. Multimodal behavioral interpretation of participant response patterns. 

Participant Dominant behavioral pattern 
Explanatory MEI 

level 
Model-consistent interpretation 

P1 
Random selections, repeated clicking, 

low task-directed attention 
Low 

Low PEM and uncertain posterior effects 

reflect nonproductive interaction 

P2 
Interest-sensitive engagement, 

especially with animal-related content 
Moderate 

Delayed maintenance gain may reflect 

content-specific engagement 

P3 
High initial focus with occasional late-

session fatigue 
Moderate-high 

Positive intervention and maintenance 

effects despite mild fluctuation 

P4 
Consistent engagement and positive 

response to feedback 
High 

High baseline and retained effect suggest 

readiness for higher difficulty 

P5 
Independent device handling and active 

AR exploration 
High 

Strong maintenance effect may reflect self-

directed interaction 

P6 
Verbal repetition and physical attempts 

to interact with AR objects 
High 

Strong stable response across intervention 

and maintenance 

P7 
Increased AR exploration after initial 

low engagement 
High 

Delayed improvement and faster 

maintenance response time 

P8 
Frequent need for social and gestural 

prompting 
Moderate 

Gradual improvement linked to teacher-

mediated engagement 

P9 
Active QR-card scanning and AR-letter 

alignment 
Moderate-high 

Strong intervention gain but weak 

maintenance after AR withdrawal 

5.7 Learner response profiles 

Based on trajectory features, explanatory MEI, PEM, and posterior effects, four exploratory learner response profiles 

were derived. Table 14 reports these profiles. The profiles in Table 14 should not be interpreted as clinical categories. 

They are exploratory learning response profiles intended to support instructional interpretation. The profiles suggest that 

the same AR environment can operate through different mechanisms: stable recognition, delayed consolidation, interest-

sensitive engagement, or insufficient task-directed attention. 

Table 14. Exploratory learner response profiles derived from PMBLA. 

Profile Participants Quantitative pattern Multimodal pattern Instructional implication 

Stable high 

responders 
P4, P6 

High baseline, high 

intervention, strong 

maintenance 

Consistent AR interaction and 

positive feedback response 

Increase item difficulty and 

introduce transfer tasks 

Delayed improvers P3, P5, P7, P8 
Maintenance higher than 

baseline 

Engagement strengthens 

across sessions 

Maintain repeated exposure 

and gradual prompt fading 

Engagement-

sensitive learners 
P2, P9 

Improvement depends on 

interest or AR interaction 

Interest alignment, AR object 

manipulation, teacher support 

Personalize content and 

include retention scaffolds 

Low-attention 

random responders 
P1 

Low PEM and uncertain 

posterior effects 

Random selections, repeated 

clicking, weak sustained 

attention 

Add attention regulation and 

response inhibition supports 

5.8 Bayesian model diagnostics 

Table 15 reports Bayesian diagnostic results. All chains converged according to standard criteria. 
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As shown in Table 15, the model did not show evidence of major convergence failure. Posterior predictive checks 

indicated that the model reproduced the broad phase-level pattern of correct responses, although it slightly 

underrepresented extreme repeated-clicking sessions. This limitation is consistent with the calibration results in Figure 3. 

Table 15. Bayesian model diagnostic results. 

Diagnostic Criterion Result 

Maximum R-hat < 1.01 1.006 

Minimum bulk effective sample size > 400 921 

Minimum tail effective sample size > 400 778 

Divergent transitions 0 0 

Maximum tree depth warnings 0 0 

Energy Bayesian fraction of missing information > 0.30 0.71 

Posterior predictive check Acceptable phase-level fit Satisfied 

Prior sensitivity Stable effect direction Satisfied 

Figure 7 indicates that the model captured the main learning trend but did not perfectly reproduce atypical low-

engagement sessions. This supports the interpretation that additional attention-regulation features may be needed for 

children with highly unstable response behavior. 

 

Figure 7. Posterior predictive check for correct response probabilities. 

5.9 Sensitivity analysis 

Table 16 reports sensitivity analyses. These analyses examined whether the main findings were dependent on MEI 

weight estimation, the low-attention participant P1, or the strongest responders P6 and P7. As shown in Table 16, the 

model advantage decreased when the strongest responders were excluded, indicating that part of the performance gain 

reflected distinguishable high-engagement trajectories. However, the PMBLA model remained stronger than the phase-

only model, suggesting that the multimodal features did not merely capture a single outlier pattern. Excluding P1 

improved performance, which is consistent with the interpretation that random-response behavior introduces atypical 

noise not fully captured by the current feature set. 
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Table 16. Sensitivity analysis of the PMBLA full model. 

Analysis Accuracy 
Macro-

F1 
AUC 

Brier 

score 
Key interpretation 

Main LOPO model 0.852 0.814 0.889 0.148 Reference result 

Fixed predictive MEI weights 0.838 0.799 0.872 0.156 Direction stable under theory-based weighting 

Excluding P1 0.867 0.831 0.902 0.139 
Performance improved without random-response 

outlier 

Excluding P6/P7 0.821 0.781 0.851 0.166 
Effect weakened but remained above phase-only 

model 

Phase-only + session random 

effect 
0.811 0.771 0.853 0.161 Multimodal features remained beneficial 

6. DISCUSSION 

This study reframed AR-supported vocabulary learning for children with ASD as an interpretable multimodal learning 

analytics problem. Instead of treating AR intervention as a uniform effect, the proposed PMBLA framework modeled 

phase-specific learning trajectories, engagement-related behavioral signals, and individualized posterior intervention 

effects. 

6.1 Distinction from the primary intervention report 

The present study differs from the primary intervention-focused publication in both purpose and analytical contribution. 

The primary report described the AR intervention design and conventional learning outcomes [11]. In contrast, this 

secondary analysis focused on how individual learning trajectories and multimodal engagement indicators explain 

heterogeneous learner responses. The main contribution is therefore not another evaluation of AR effectiveness, but an 

interpretable learning analytics framework for understanding why different children showed different phase-specific 

response patterns. 

This distinction is important because AR-supported ASD learning data often contain rich process information that is not 

fully used in outcome-level analyses. By reorganizing the data into session-level and item-level structures, the present 

study linked behavioral engagement, predictive modeling, and individualized Bayesian estimates in a single analytical 

framework. 

6.2 Phase-aware representation of individualized learning 

The first methodological contribution of this study is the phase-aware learning trajectory representation. Traditional 

single-subject analysis provides useful indicators such as correct response rate and PEM, but these measures summarize 

outcomes rather than representing the temporal learning process. The present results show that trajectory shape matters. 

P7 and P9 both showed strong intervention-period improvement, but their maintenance outcomes differed substantially. 

Without phase-aware modeling, this distinction would be less visible. 

The trajectory analysis also showed that high baseline performance did not eliminate the possibility of intervention-

related benefit. Participants such as P4, P5, and P6 began with relatively high performance but still showed maintenance 

stability or improvement. This suggests that AR-supported learning may reinforce fluency and retention even when 

initial recognition is already strong. 

6.3 Value of multimodal engagement fusion 

The second contribution is the integration of multimodal engagement features. The ablation results showed that pre-

response AR interaction, repeated-clicking behavior, and audio-verbal features each contributed additional information. 

This finding supports the argument that correct responses and response time alone cannot fully explain AR learning 

outcomes in ASD. 

The distinction between 𝑀𝐸𝐼𝑝𝑟𝑒𝑑  and 𝑀𝐸𝐼𝑒𝑥𝑝 was methodologically important. 𝑀𝐸𝐼𝑝𝑟𝑒𝑑 supported response prediction 

using only information available before or during the first-response window. 𝑀𝐸𝐼𝑒𝑥𝑝 supported post hoc interpretation 
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by incorporating broader behavioral observations, including disengagement and interest alignment. This separation 

reduced the risk of data leakage while still allowing rich interpretation of learner behavior. 

The explanatory MEI also helped distinguish productive engagement from superficial screen activity. For example, AR 

manipulation and verbalization were generally associated with stronger learning outcomes. In contrast, repeated clicking 

and random responding were associated with weaker or uncertain effects. This distinction is important because high 

interaction frequency does not always indicate meaningful learning engagement. 

6.4 Bayesian individualized effect estimation 

The third contribution is the Bayesian hierarchical estimation of individualized intervention and maintenance effects. 

The model accounted for participant heterogeneity, session dependence, phase effects, difficulty, task type, language 

condition, predictive engagement, and teacher prompting. This structure was suitable for the current dataset because the 

sample size was small but repeated observations were available. 

The posterior results provided a more nuanced interpretation than descriptive statistics alone. P9, for instance, showed 

high intervention responsiveness but weak maintenance. P1 showed uncertain effects across phases, consistent with 

observed random responding. P6 and P7 showed strong and stable individualized effects. These findings illustrate how 

Bayesian estimates can support individualized interpretation without requiring a large group sample. 

6.5 Educational implications 

The findings have three implications for AI-assisted special education. First, AR vocabulary systems should support 

adaptive content selection based on learner interests, difficulty level, and response history. P2’s interest-sensitive 

engagement suggests that personalized content may help sustain attention. Second, AR systems should include real-time 

engagement monitoring that differentiates meaningful manipulation from repeated or random clicking. Third, teacher 

support should remain central. Familiar teacher prompts, social reinforcement, and gestural cues were important 

elements of the learning process rather than external noise. 

At the same time, teacher prompting should be interpreted cautiously. In this study, teacher prompting was modeled as a 

support-context feature rather than as a direct engagement indicator because it may indicate both helpful scaffolding and 

increased task difficulty. Future adaptive systems should distinguish between prompts that facilitate learning and 

prompts that signal task overload. 

6.6 Methodological implications 

This study suggests that small-sample ASD learning data can be analyzed using interpretable AI methods when the 

model is aligned with the data structure. Rather than applying high-capacity black-box models, PMBLA combines 

repeated-measure design, multimodal coding, predictive/explanatory feature separation, and Bayesian uncertainty 

estimation. This approach is suitable for special education settings where sample sizes are often limited and individual 

differences are substantive. 

The sensitivity analysis also indicates that model performance should be interpreted cautiously. The model advantage 

weakened when the strongest responders were excluded, suggesting that part of the predictive performance reflected 

distinguishable high-engagement trajectories. However, the full PMBLA model remained stronger than the phase-only 

model, supporting the contribution of multimodal features beyond phase information alone. 

6.7 Limitations 

Several limitations should be acknowledged. First, the sample included nine children with mild ASD who were able to 

use a tablet with limited assistance. The findings may not generalize to children with moderate or severe support needs. 

Second, some multimodal features required human coding. Although coding reliability was acceptable to good, future 

work should explore semi-automated extraction methods while maintaining privacy safeguards. Third, the maintenance 

phase measured retention within a similar application context. Future research should examine whether learned 

vocabulary generalizes to real-world objects, classroom communication, and spontaneous language use. Fourth, 

participant-level correlations involving MEI were exploratory because the number of participants was small. Fifth, the 

model was designed for interpretation and individualized inference rather than clinical prediction. Finally, the dataset 

came from a single educational center, and broader validation is needed. 
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7. CONCLUSION 

This study proposed an interpretable multimodal learning analytics framework for personalized AR-supported 

vocabulary learning in children with ASD. By integrating phase-aware learning trajectories, predictive and explanatory 

multimodal engagement indicators, and Bayesian hierarchical modeling, the framework provided a structured account of 

learning outcomes and individualized response mechanisms. 

Results provided secondary analytical evidence that several participants showed phase-specific learning patterns 

consistent with positive AR-supported response, while others showed weaker or less durable patterns. Engagement 

quality, interest alignment, teacher support, and phase-specific retention patterns were central to explaining these 

differences. The study contributes to AI-assisted special education by demonstrating how small-sample AR learning data 

can be analyzed using transparent, uncertainty-aware, and participant-sensitive methods. 

Future work should validate the framework with larger and more diverse ASD samples, incorporate privacy-preserving 

automated multimodal feature extraction, test real-world vocabulary generalization, and develop adaptive AR systems 

that dynamically adjust task difficulty, prompting, and content according to learner state. 
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