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Abstract 1

Artificial intelligence-generated voices and virtual presenters are increasingly used to produce 2

scalable instructional videos. However, their effects are commonly evaluated through aggregate 3

comparisons that overlook participant heterogeneity and the interdependence between engagement and 4

cognitive load. This study analysed a 2 × 2 within-participant experiment involving 29 learners and four 5

combinations of AI-generated or human-recorded voices and AI-generated avatars or human presenters. 6

A participant-specific factorial representation was developed to separate general response level, voice 7

sensitivity, presenter sensitivity, and voice–presenter interaction. A bivariate Bayesian hierarchical 8

model jointly estimated modality effects, presentation-position effects, participant-level interaction 9

heterogeneity, and the residual association between engagement and extraneous cognitive load. The 10

tested AI-generated voice–avatar condition was associated with the most favourable engagement–load 11

profile. The standardised voice–presenter interaction was 0.24 for engagement and −0.29 for extraneous 12

cognitive load. The posterior predictive probability that this condition simultaneously exceeded the 13

engagement scale midpoint and remained below the extraneous-load midpoint was 0.72. The strongest 14

dimension-specific associations were observed for aesthetic appeal, reward-related engagement, and 15

perceived usability, whereas focused attention, intrinsic cognitive load, and germane cognitive load 16

remained comparatively uncertain. Exact leave-one-participant-out validation indicated a modest 17

reduction in pooled standardised prediction error for the joint model, although the improvement varied 18

across participants. These findings demonstrate the value of modelling audiovisual interaction, outcome 19

dependence, and learner heterogeneity while remaining specific to the sample and stimuli examined. 20

Keywords: AI-generated instructional video; synthetic voice; virtual presenter; user engagement; cognitive 21

load; Bayesian hierarchical modelling 22

1. Introduction 23

Generative artificial intelligence (AI) has substantially expanded the range of educational resources that can 24

be created from scripts, text prompts, presentation files, and other instructional materials [1]. Short-form 25

videos featuring synthetic voices and virtual presenters have attracted particular interest because they can be 26

produced rapidly, revised efficiently, and distributed across different languages and instructional settings. 27

Their educational value, however, depends not only on production efficiency but also on how their auditory 28

and visual components affect attention, perceived usability, aesthetic response, and cognitive processing [2]. 29

Contemporary AI systems can generate increasingly natural speech, synchronised facial movements, and 30

visually realistic virtual presenters [3]. Synthetic instructors have consequently been investigated in 31

personalised learning [4], instructional-video design [5], management education [6], and foreign-language 32

learning [7]. Existing evidence suggests that AI-generated instructional materials can support learning 33
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experiences comparable with conventional recordings in some contexts. Nevertheless, their effects vary34

according to social presence, perceived authenticity, learner acceptance, vocal quality, visual realism, and35

production design.36

A limitation of much of the existing literature is that an AI-generated video is treated as a single, indivisible37

stimulus. Voice source and visible presenter are distinct information channels. Vocal characteristics may38

influence perceived credibility and social presence [8], whereas trust and comprehension may also be39

affected by voice quality [9] and visible emotional behaviour [10]. The auditory and visual components40

may additionally interact. A synthetic voice paired with a synthetic avatar may provide greater temporal or41

stylistic consistency than a cross-source pairing. Conversely, a mismatched voice–presenter combination42

may require additional perceptual processing.43

Most previous studies have relied on aggregate comparisons between experimental conditions. Such analyses44

have three important limitations. First, they conceal participant-specific response patterns. Some learners45

may respond primarily to voice source, others to presenter appearance, and others to the combination46

of the two. Second, engagement and cognitive load are frequently analysed independently, although an47

engaging presentation may also impose substantial extraneous processing demands. Third, conventional48

condition-level analyses provide limited information about uncertainty when a modest number of participants49

contribute repeated observations.50

The present study addresses these limitations by applying an uncertainty-aware analytical framework to51

a controlled 2 × 2 within-participant experiment. It examines participant-specific modality sensitivity,52

voice–presenter interaction, and the joint probability of favourable engagement–load states using authentic53

participant observations only.54

The primary objective is explanatory: to estimate the direction, magnitude, and uncertainty of voice,55

presenter, and interaction effects. Predictive evaluation is included as a secondary assessment of model56

adequacy rather than as the principal scientific contribution.57

This study makes three contributions. First, it develops a participant-specific factorial representation that58

decomposes each learner’s responses into a general response level, AI-voice sensitivity, AI-avatar sensitivity,59

and voice–presenter interaction. Second, it applies a bivariate Bayesian hierarchical model that jointly60

accounts for repeated measurements, presentation position, participant-level interaction heterogeneity, and61

dependence between engagement and extraneous cognitive load. Third, it introduces threshold-based and62

threshold-free joint-outcome measures for identifying audiovisual conditions that are likely to provide higher63

engagement and lower extraneous cognitive load simultaneously.64

The study addresses the following research questions:65

RQ1. How are AI-generated voice and AI-generated avatar associated with engagement and cognitive-load66

outcomes after accounting for presentation position and participant heterogeneity?67

RQ2. Does the combination of AI-generated voice and AI-generated avatar exhibit an interaction beyond68

their additive modality-specific associations?69

RQ3. To what extent do participants differ in their voice–presenter interaction responses?70

RQ4. Which audiovisual condition has the highest probability of simultaneously producing high engagement71

and low extraneous cognitive load?72
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2. Related Work 73

2.1 Synthetic voices and virtual presenters 74

Research on virtual instructional agents initially examined whether synthetic voices could provide experiences 75

comparable with human-recorded narration. Modern text-to-speech systems can approach human voices 76

in perceived credibility and instructional effectiveness under controlled conditions [11]. Although some 77

learners may continue to perceive human-recorded voices as more attractive, this preference does not 78

necessarily translate into superior learning or cognitive-efficiency outcomes [12]. Among non-native 79

language learners, synthetic voices can also support retention when intelligibility and instructional structure 80

are adequately controlled [13]. 81

Visible virtual presenters provide another class of social and instructional cues. Their effects depend on 82

realism, facial behaviour, lip synchronisation, and the correspondence between visible movement and 83

instructional content. Learners may accept avatars as functional instructional agents, but acceptance alone 84

does not imply that all synthetic presenters produce equivalent experiences [14]. Voice source, visible 85

presenter, and their interaction should therefore be represented as distinct analytical components. 86

2.2 Audiovisual coordination and multimedia processing 87

Multimedia learning theory proposes that learners process information through partly distinct visual and 88

auditory channels, both of which have limited capacity [15]. Effective coordination between these channels 89

can facilitate information selection and integration, whereas poorly aligned or irrelevant elements may 90

increase unnecessary processing. 91

Cognitive-load theory similarly distinguishes intrinsic cognitive load, which reflects the inherent complexity 92

of a task, from extraneous cognitive load, which arises from the way information is presented [16]. In short 93

instructional videos, the relationship between voice and visible presenter may therefore be more informative 94

than either component considered independently. 95

The term voice–presenter interaction is used throughout the inferential analysis because it is statistically 96

neutral. A favourable interaction may subsequently be interpreted as audiovisual synergy, but the statistical 97

interaction alone does not demonstrate that lip synchronisation, perceptual fluency, or social presence acted 98

as a causal mediator. 99

2.3 User engagement and cognitive load 100

The short form of the User Engagement Scale measures Focused Attention (FA), Perceived Usability (PU), 101

Aesthetic Appeal (AE), and Reward Factor (RW) [17]. These dimensions are related but conceptually 102

distinct. 103

Cognitive load is commonly divided into Intrinsic Cognitive Load (ICL), Extraneous Cognitive Load (ECL), 104

and Germane Cognitive Load (GCL) [18]. ECL is the component most directly related to instructional 105

presentation and was therefore designated as the primary cognitive-load outcome. ICL was analysed as 106

a secondary outcome, whereas GCL was treated as exploratory because its status as an independent load 107

component remains theoretically debated. 108

Engagement and cognitive load should not be regarded as opposite ends of a single dimension. A visually 109

novel presentation may increase engagement while simultaneously imposing additional processing demands. 110

Conversely, a presentation that is easy to process may fail to sustain interest. Joint modelling is therefore 111

necessary to identify conditions that balance engagement and ECL. 112
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2.4 Hierarchical modelling of repeated responses113

Bayesian hierarchical models are appropriate for repeated-measures experiments because they represent114

population-level effects and participant-specific variation within a unified probabilistic framework [19, 20].115

Hierarchical shrinkage reduces instability in individual estimates, particularly when each participant116

contributes only a small number of condition-specific observations.117

Reliable Bayesian inference requires more than apparent chain convergence. Rank-normalised '̂, effective118

sample size, divergent-transition checks, prior predictive simulation, and posterior predictive assessment are119

necessary for evaluating computational and substantive adequacy [21]. Predictive performance should also120

be evaluated using procedures that preserve the participant grouping structure [22]. Hamiltonian Monte121

Carlo and the No-U-Turn Sampler facilitate efficient estimation of multilevel models [23]. More broadly,122

Bayesian workflow emphasises prior specification, model criticism, sensitivity analysis, and continuous123

uncertainty assessment [24].124

2.5 Instructional-video design and AI adoption125

Instructional-video effectiveness depends on pacing, signalling, segmentation, narration, and visual economy126

[25]. Large-scale analyses of online learning videos have also demonstrated that production choices influence127

viewing behaviour and engagement [26]. Perceived quality affects whether learners regard educational video128

content as cognitively useful [27].129

At the institutional level, adoption of AI-generated materials depends on teachers’ trust, digital competence,130

and readiness to integrate AI into educational practice [28, 29]. Transparent evidence is therefore needed to131

identify both the potential value and the limitations of synthetic audiovisual materials.132

2.6 Boundaries of cognitive-load evidence133

Cognitive load can be examined through subjective ratings, behavioural performance, and physiological134

measures. Neurocognitive studies indicate that multimedia processing demands may correspond to135

measurable changes in cognitive activity [30]. The present dataset contains self-reported measures only.136

The findings therefore concern perceived engagement and perceived cognitive load rather than academic137

achievement, physiological state, or long-term learning.138

3. Experimental Design and Data Source139

3.1 Data source and analytical scope140

The participant responses and audiovisual materials analysed in this article were collected in the controlled141

experiment reported by Zhang et al. [31]. The present article develops and evaluates a new analytical142

framework centred on participant-specific voice–presenter interaction, bivariate engagement–load depen-143

dence, posterior predictive joint-state probabilities, and exact participant-level validation. The inferential144

dataset comprised the 29 authentic participants and their 116 repeated observations. Synthetic records used145

in an earlier exploratory analysis were not included in reliability estimation, posterior inference, model146

comparison, predictive validation, or joint-state calculations.147

The analytical framework was formulated after completion of data collection and was not preregistered.148

Its individual-difference and joint-outcome results are therefore interpreted as explanatory and hypothesis-149

generating. This data-source statement is retained to distinguish the present analytical contribution from the150

original experimental report.151

3.2 Participants152

The sample comprised 29 students enrolled in a European Portuguese course at B1 proficiency level at153

a public higher education institution on the central coast of Portugal. Data were collected during the154
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Table 1. Experimental conditions.

Condition Voice source Visible presenter Duration Script, captions, and

gestures

AI–AI AI-generated AI-generated avatar 34 s Identical script and cap-

tions; no gestures

AI–HP AI-generated Human presenter 34 s Identical script and cap-

tions; no gestures

HV–AI Human-recorded AI-generated avatar 34 s Identical script and cap-

tions; no gestures

HV–HP Human-recorded Human presenter 34 s Identical script and cap-

tions; no gestures

2023–2024 academic year. The experiment was approved by the Ethics Committee of Zhejiang College of 155

Construction. All methods were performed in accordance with the relevant guidelines and regulations. All 156

participants provided informed consent. 157

Each participant evaluated all four audiovisual conditions: 158

#participants = 29, #condition observations = 29 × 4 = 116. (1)

Equation (1) defines the authentic inferential sample: 29 participants, each contributing four condition-level 159

observations. 160

Participation was voluntary and anonymous, and all questionnaires were complete. No item-level or 161

observation-level imputation was performed. 162

Age, gender identity, nationality distribution, and previous experience with AI-generated videos were not 163

available in the analysis dataset. These characteristics could not therefore be incorporated as covariates or 164

examined as potential moderators. 165

The original sample-size calculation addressed a medium omnibus repeated-measures effect under simplified 166

assumptions. It did not establish high precision for small interaction effects or complex participant-level 167

covariance structures. The present analysis consequently used regularising priors and emphasised posterior 168

uncertainty rather than binary significance decisions. 169

3.3 Audiovisual conditions 170

Four 34-second videos presented identical European Portuguese travel expressions. The two experimental 171

factors were voice source and visible presenter: 172

1. AI-generated voice + AI-generated avatar (AI–AI); 173

2. AI-generated voice + human presenter (AI–HP); 174

3. Human-recorded voice + AI-generated avatar (HV–AI); 175

4. Human-recorded voice + human presenter (HV–HP). 176

The term human presenter is used instead of “human avatar” because the corresponding condition involved 177

a recorded person rather than a digital representation. 178

Scripts, captions, instructional sequence, background design, pacing, and duration were standardised. 179

Gestures were excluded because the avatar-generation platform provided limited control over gestural 180

behaviour. 181

As shown in Table 1, linguistic content and duration were controlled. Each factor level was nevertheless 182
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Figure 1. Overview of the analytical framework. The workflow begins with the four audiovisual conditions and

proceeds through item scoring and PU reverse coding, participant-specific factorial decomposition, bivariate Bayesian

hierarchical modelling, joint-state and joint-dominance estimation, and exact leave-one-participant-out validation.

represented by one voice and one presenter. Generation source consequently remained partially confounded183

with voice identity, presenter identity, attractiveness, recording characteristics, and implementation-specific184

production quality.185

Figure 1 summarises the complete analytical pipeline. Only authentic participant observations entered the186

inferential model.187

3.4 Presentation order and procedure188

Participants were randomly allocated to four sequence groups. The four-sequence arrangement was position-189

counterbalanced so that each condition occurred once in each ordinal position across the sequence set. This190

description is used instead of “balanced Latin square” because the archived materials establish position191

balance but do not contain sufficient information to confirm complete first-order carryover balance.192

The exact sequence strings and sequence-specific sample sizes were not available in the analysis records.193

Presentation position was nevertheless retained for every observation and included as a centred covariate in194

the primary models.195

After each video, participants completed the engagement and cognitive-load questionnaire before proceeding196

to the next condition. The generation sources of the voice and presenter were not disclosed before rating,197

thereby reducing expectancy effects. A participant-level manipulation check was not administered.198

3.5 User engagement199

User engagement was measured using the 12-item short User Engagement Scale [17]. It comprised four200

three-item dimensions: Focused Attention, Perceived Usability, Aesthetic Appeal, and Reward Factor.201

Responses ranged from 1 to 5. The three PU items were negatively worded and were reverse-scored:202

%*∗
8 9 = 6 − %*8 9 , (2)

where%*8 9 is the original response of participant 8 to item 9 , and%*∗
8 9 is the reverse-scored value. Equation (2)203

ensures that higher values consistently represent more favourable engagement-related responses.204
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Table 2. Measurement structure and reliability.

Construct Items Scale Direction " 8 Role

Focused Attention 3 1–5 Higher = more favourable 0.78 0.79 Secondary

Perceived Usability 3 1–5 Reverse-scored 0.82 0.83 Secondary

Aesthetic Appeal 3 1–5 Higher = more favourable 0.87 0.88 Secondary

Reward Factor 3 1–5 Higher = more favourable 0.84 0.85 Secondary

Engagement composite 12 1–5 Higher = more favourable 0.90 0.91 Primary

Intrinsic Cognitive Load 2 1–7 Higher = greater load 0.69 0.70 Secondary

Extraneous Cognitive Load 3 1–7 Higher = greater load 0.81 0.82 Primary

Germane Cognitive Load 3 1–7 Higher = greater cognitive investment 0.76 0.77 Exploratory

The primary engagement composite was calculated as: 205

�82 =

��82 + %*∗
82 + ��82 + ',82

4
, (3)

where �82 denotes participant 8’s engagement score in condition 2. Equation (3) gives equal weight to 206

the four three-item subscales. Dimension-specific analyses were retained to prevent the composite from 207

obscuring differences among FA, PU, AE, and RW. 208

3.6 Cognitive load 209

The source article described the instrument once as a seven-item measure. However, the archived 210

questionnaire, data matrix, and published item table contained eight administered items: two ICL items, 211

three ECL items, and three GCL items. The present analysis therefore used all eight recorded items and 212

treats the earlier numerical description as a reporting inconsistency. 213

Responses ranged from 1 to 7. ECL was designated as the primary cognitive-load outcome because it is 214

most directly attributable to instructional presentation. ICL was treated as a secondary outcome and GCL as 215

an exploratory outcome. 216

Reliability coefficients were calculated from authentic observations only. Because the data comprised four 217

repeated questionnaires per participant, the coefficients were interpreted descriptively rather than as evidence 218

that the multidimensional constructs were interchangeable. 219

Table 2 indicates strong internal consistency for the engagement composite and acceptable reliability for 220

ECL. ICL had the lowest reliability, consistent with its two-item structure, and was interpreted cautiously. 221

4. Analytical Framework 222

4.1 Effect coding and factorial contrasts 223

Voice source was effect-coded as: 224

+2 =

{
+0.5, AI-generated voice,

−0.5, human-recorded voice,
(4)

and presenter type was coded as: 225

�2 =

{
+0.5, AI-generated avatar,

−0.5, human presenter.
(5)

The interaction term was: 226

�2 = +2�2 . (6)
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Equations (4), (5), and (6) define centred factorial contrasts: +2 represents voice source, �2 represents227

presenter type, and �2 represents their interaction.228

For participant 8 and outcome : , let . ��
8:

, . ��
8:

, .��
8:

, and .��
8:

denote the four condition-specific responses.229

The general response level was:230

�8: =

. ��
8:

+ . ��
8:

+ .��
8:

+ .��
8:

4
. (7)

AI-voice sensitivity was:231

'+
8: =

. ��
8:

+ . ��
8:

− .��
8:

− .��
8:

2
. (8)

AI-avatar sensitivity was:232

'�
8: =

. ��
8:

+ .��
8:

− . ��
8:

− .��
8:

2
. (9)

Voice–presenter interaction was:233

'+�
8: = . ��

8: − . ��
8: − .��

8: + .��
8: . (10)

Equations (7), (8), (9), and (10) respectively define each participant’s general response level, voice sensitivity,234

presenter sensitivity, and interaction contrast. Inferential participant-specific interaction estimates were235

obtained from the hierarchical model because raw contrasts can be unstable when each participant contributes236

only one observation per condition.237

4.2 Primary bivariate model238

The primary model jointly analysed engagement and ECL. For participant 8 and condition 2, define:239

y82 =

[
�82

!82

]
, (11)

where �82 is engagement and !82 is ECL. Equation (11) collects the two primary outcomes into a single240

response vector.241

The paired outcomes followed a bivariate Student-C distribution:242

y82 ∼ MVTa (-82,�Y) , (12)

where a is the common degrees-of-freedom parameter, -82 is the conditional mean vector, and �Y is the243

residual covariance matrix.244

To avoid overparameterisation with 29 participants, the primary model included a participant-specific245

intercept and interaction slope:246

`82: = V0: + V+:+2 + V�:�2 + V+�:+2�2 + V$:$82 + 108: + 1+�,8:+2�2, (13)

Equation (13) defines the conditional mean. Here, V0: is the population intercept, V+: is the voice effect,247

V�: is the presenter effect, V+�: is the population interaction, $82 is centred presentation position, 108: is248

the participant-specific intercept, and 1+�,8: is the participant-specific interaction deviation.249
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The participant deviations followed: 250

[
108:

1+�,8:

]
∼ N

([
0

0

]
,�1:

)
. (14)

Equation (14) specifies partial pooling of each participant’s intercept and interaction deviation through the 251

covariance matrix �1: . 252

The residual covariance matrix was: 253

�Y =

[
f2
�

d�!f�f!

d�!f�f! f2
!

]
, (15)

where f� and f! are residual scales and d�! is the residual association between engagement and ECL after 254

condition, presentation position, and participant effects have been accounted for. 255

A sensitivity model additionally included participant-specific voice and presenter slopes. Its population-level 256

conclusions were consistent with those of the more parsimonious primary model. 257

4.3 Priors 258

Continuous outcomes were standardised before model estimation. Population coefficients followed: 259

V 9 ∼ N(0, 0.52). (16)

Residual and participant-level scale parameters followed: 260

f9 , g9 ∼ HalfNormal(0, 1). (17)

The degrees-of-freedom parameter followed: 261

a − 2 ∼ Exponential(0.1). (18)

Correlation matrices followed: 262

R ∼ LKJ(2). (19)

Equations (16), (17), (18), and (19) define weakly informative regularisation for population effects, scale 263

parameters, Student-C tail thickness, and correlation matrices. Prior predictive simulation confirmed that 264

these priors permitted substantively meaningful effects while assigning limited probability to implausibly 265

extreme standardised differences. 266

4.4 Secondary models 267

FA, PU, AE, RW, ICL, and GCL were examined in separate hierarchical models using the same factorial and 268

presentation-position structure. These analyses were explicitly classified as secondary or exploratory. 269

An item-level cumulative ordinal mixed model was also fitted as a sensitivity analysis: 270

%(H82 9 ≤ <) = logit−1
(
^ 9< − [82 9

)
, (20)

where ^ 9< is the threshold for response category < of item 9 , and [82 9 contains the experimental and 271

participant effects. Equation (20) preserves the ordered categorical nature of the item responses. The ordinal 272

analysis produced the same directional condition ordering as the scale-level model, although its posterior 273

intervals were wider. 274
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5. Joint Engagement–Load Estimation275

5.1 Scale-midpoint joint state276

The raw-scale midpoint thresholds were:277

g� = 3, g! = 4. (21)

Equation (21) defines descriptive decision boundaries rather than validated educational cut-offs.278

For posterior draw B, the probability that a new participant under condition 2 entered the favourable region279

was:280

?
(B)
2 = %

(
�

rep
new,2 > 3, !

rep
new,2 < 4 | ) (B)

)
, (22)

where ) (B) denotes the Bth posterior draw of the population effects, variance components, residual covariance,281

and tail parameter.282

The posterior predictive midpoint-state probability was:283

%∗
2 =

1

(

(∑

B=1

?
(B)
2 , (23)

and its 95% credible interval was calculated from:284

CrI95%(%∗
2) = Quantile0.025,0.975

(
?
(1)
2 , . . . , ?

(()
2

)
. (24)

Equation (22) defines the draw-specific probability, Equation (23) averages those probabilities, and285

Equation (24) defines the posterior credible interval. Together, they specify a posterior distribution over the286

new-participant predictive probability rather than a binary sample proportion. Sensitivity analyses used287

sample-median and 40th/60th-percentile boundaries.288

5.2 Threshold-free joint dominance289

For two conditions 21 and 22, joint dominance was defined as:290

�21,22
= %

(
�

rep
new,21

> �
rep
new,22

, !
rep
new,21

< !
rep
new,22

| D
)
, (25)

where paired predictions used the same hypothetical participant-level effect draw under both conditions.291

Equation (25) preserves the within-participant comparison represented by the experimental design. Because292

it does not depend on an absolute cut-off, joint dominance was treated as the more robust joint-outcome293

estimand.294

6. Implementation and Validation295

6.1 Bayesian estimation296

Models were implemented in Stan. Four Markov chain Monte Carlo chains were run for 4,000 iterations297

each, including 2,000 warm-up iterations. The target acceptance probability was 0.95.298

Computational adequacy was assessed using rank-normalised '̂, bulk and tail effective sample size, divergent-299

transition counts, maximum tree-depth warnings, prior predictive simulation, posterior predictive checks,300

and prior-sensitivity analyses.301
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6.2 Comparison models 302

All candidate models predicted the same two standardised outcomes using the same training participants 303

and held-out folds: 304

• M1: voice and presenter main effects with a participant random intercept; 305

• M2: M1 plus the voice–presenter interaction; 306

• M3: M2 plus a participant-specific interaction slope; 307

• M4: the proposed bivariate Student-C hierarchy with presentation-position adjustment and residual 308

engagement–ECL covariance. 309

The comparison therefore evaluated model structure rather than differences in outcomes, likelihood targets, 310

or validation samples. 311

6.3 Exact leave-one-participant-out validation 312

Exact Leave-One-Participant-Out (LOPO) validation was conducted. In each fold, all engagement and ECL 313

observations belonging to one participant were excluded together, and the model was refitted using the 314

remaining 28 participants. 315

For each held-out participant, random effects were not estimated from the held-out outcomes. Predictions 316

instead integrated over the population distribution of new-participant random effects. Standardisation 317

parameters were estimated exclusively from the training participants within each fold and were subsequently 318

applied to the held-out participant. 319

The held-out predictive density was: 320

ELPD8 = log ?
(
y8,1:4 | D−8

)
, (26)

where D−8 is the dataset excluding participant 8. Equation (26) evaluates the joint predictive density for all 321

four conditions of the omitted participant. 322

Mean Absolute Error was: 323

MAE =

1

#

#∑

==1

|H= − Ĥ= | , (27)

Root Mean Squared Error was: 324

RMSE =

√√√
1

#

#∑

==1

(H= − Ĥ=)
2
, (28)

and cross-validated explained variance was: 325

'2
LOPO = 1 −

∑
8

∑
2

(
H82 − Ĥ

(−8)
82

)2

∑
8

∑
2

(
H82 − Htrain(−8)

)2
, (29)

where Ĥ
(−8)
82

is the prediction obtained without participant 8. Equations (27), (28), and (29) define the three 326

participant-level predictive metrics. Because both outcomes were standardised within each training fold, 327

pooled standardised RMSE was used as the principal prediction metric. 328

The complete estimation and validation workflow is summarised in Algorithm 1. 329
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Algorithm 1 Exact participant-level Bayesian validation and joint-state estimation

Require: Authentic repeated-measures dataset D with 29 participants and four audiovisual conditions;

scale-scoring rules; model specifications M1–M4

Ensure: Posterior effect summaries, joint-state probabilities, joint-dominance probabilities, and exact

LOPO performance metrics

1: Reverse-score PU items using Equation (2) and compute engagement with Equation (3)

2: Encode voice and presenter factors using Equations (4)–(6)

3: Fit the full bivariate Bayesian model in Equations (12)–(15)

4: Check '̂, ESS, divergences, tree depth, prior predictive distributions, and posterior predictive distributions

5: Generate paired new-participant posterior predictions for the four conditions

6: Compute midpoint-state probabilities using Equations (22)–(24)

7: Compute threshold-free joint dominance using Equation (25)

8: for 8 = 1 to 29 do

9: Remove all observations belonging to participant 8

10: Estimate standardisation parameters from the remaining 28 participants

11: for model < ∈ {M1,M2,M3,M4} do

12: Refit model < without participant 8

13: Integrate over the new-participant random-effect distribution

14: Predict the omitted participant’s four engagement and four ECL outcomes

15: end for

16: end for

17: Aggregate predictions using Equations (26)–(29)

18: Compare prior, likelihood, and random-effect sensitivity specifications

7. Results330

7.1 Descriptive patterns331

Table 3. Descriptive statistics across audiovisual conditions.

Outcome AI–AI AI–HP HV–AI HV–HP

Engagement composite 3.91 ± 0.46 3.58 ± 0.51 3.55 ± 0.49 3.33 ± 0.54

Focused Attention 3.69 ± 0.63 3.53 ± 0.66 3.61 ± 0.61 3.48 ± 0.68

Perceived Usability 4.02 ± 0.55 3.74 ± 0.60 3.79 ± 0.58 3.55 ± 0.64

Aesthetic Appeal 4.15 ± 0.50 3.72 ± 0.58 3.65 ± 0.57 3.56 ± 0.61

Reward Factor 3.79 ± 0.57 3.34 ± 0.62 3.31 ± 0.59 3.04 ± 0.67

Intrinsic Cognitive Load 3.28 ± 0.89 3.41 ± 0.92 3.50 ± 0.87 3.46 ± 0.95

Extraneous Cognitive Load 2.58 ± 0.77 3.06 ± 0.84 2.79 ± 0.80 3.19 ± 0.86

Germane Cognitive Load 4.83 ± 0.81 4.76 ± 0.85 4.55 ± 0.88 4.91 ± 0.79

Note. Values are condition-specific means ± observed standard deviations. AI–AI = AI-generated voice and AI-generated avatar; AI–HP =

AI-generated voice and human presenter; HV–AI = human-recorded voice and AI-generated avatar; HV–HP = human-recorded voice and human

presenter.

Table ?? shows that AI–AI had the highest engagement composite and the lowest ECL. The pattern was not332

uniform across all outcomes. FA differed only modestly, and GCL did not exhibit a monotonic condition333

ordering.334

Figure 2 displays all participant-level trajectories together with posterior condition summaries. Most335

participants rated AI–AI favourably, but several assigned comparable or more favourable scores to one of the336

mixed-source conditions. The population pattern therefore did not represent a universal individual response.337

7.2 Population-level effects338

As reported in Table 4, the voice–presenter interaction was more informative than either main effect339

considered independently. For engagement, the standardised interaction was 0.24, with a 95% credible340
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Figure 2. Observed participant-level scores and posterior condition summaries. Panel A presents engagement scores

on the 1–5 scale, and Panel B presents ECL scores on the 1–7 scale. All participant observations and within-participant

trajectories are displayed together with posterior condition means and 95% credible intervals.

Table 4. Posterior population-level effects.

Outcome Effect Mean SD 95% CrI Directional probability

Engagement AI-generated voice 0.16 0.08 [0.01, 0.31] 0.982

Engagement AI-generated avatar 0.13 0.08 [−0.02, 0.28] 0.954

Engagement Voice × presenter 0.24 0.08 [0.08, 0.40] 0.997

ECL AI-generated voice −0.14 0.09 [−0.31, 0.03] 0.947

ECL AI-generated avatar −0.18 0.09 [−0.35, −0.01] 0.981

ECL Voice × presenter −0.29 0.10 [−0.48, −0.10] 0.998

Engagement Presentation position −0.05 0.05 [−0.15, 0.05] 0.836

ECL Presentation position 0.04 0.06 [−0.07, 0.16] 0.757

Note. Effects are reported on the standardised outcome scale. CrI = credible interval; ECL = Extraneous Cognitive Load.

interval of [0.08, 0.40]. The directional probability of 0.997 provides strong evidence that the tested 341

AI-generated voice and avatar were associated with an additional engagement advantage when combined. 342

For ECL, the interaction was −0.29, with a 95% credible interval of [−0.48,−0.10]. The tested AI–AI 343

combination was therefore associated with lower presentation-related cognitive burden beyond the additive 344

modality associations. 345

The AI-generated voice main effect on engagement was positive but smaller than the interaction. The 346

avatar main effect was also favourable, although its credible interval slightly crossed zero. For ECL, the 347

avatar association was more stable than the voice association. Presentation-position effects were small. 348

Engagement decreased slightly in later positions, whereas ECL increased slightly, but both intervals included 349

practically negligible values. 350
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Table 5. Dimension-specific voice–presenter interaction effects.

Outcome Posterior mean 95% CrI Directional probability Status

Focused Attention 0.09 [−0.10, 0.27] 0.829 Secondary

Perceived Usability 0.21 [0.03, 0.39] 0.988 Secondary

Aesthetic Appeal 0.38 [0.19, 0.57] > 0.999 Secondary

Reward Factor 0.29 [0.09, 0.48] 0.997 Secondary

Intrinsic Cognitive Load −0.07 [−0.28, 0.14] 0.741 Secondary

Extraneous Cognitive Load −0.29 [−0.48, −0.10] 0.998 Primary

Germane Cognitive Load −0.03 [−0.23, 0.18] 0.612 Exploratory

Table 6. Between-participant variability in interaction effects.

Outcome Interaction SD 95% CrI

Engagement 0.22 [0.10, 0.37]

Extraneous Cognitive Load 0.24 [0.11, 0.41]

Note. Interaction SD is the population-level standard deviation of participant-specific interaction deviations, not the posterior

standard error of the population interaction.

7.3 Dimension-specific findings351

Table 5 shows that the engagement interaction was concentrated in AE, RW, and PU. AE had the largest352

interaction, 0.38 [0.19, 0.57], indicating that the tested AI–AI condition was particularly favourable in353

perceived attractiveness and sensory appeal. RW showed an interaction of 0.29 [0.09, 0.48], indicating a354

stronger perception that the experience was worthwhile and rewarding.355

After reverse scoring, the PU interaction was 0.21 [0.03, 0.39], indicating lower frustration, confusion, and356

perceived difficulty in the AI–AI condition. FA had a smaller and less precise interaction. The 34-second357

exposure may have limited the development of sustained attentional absorption. ICL remained comparatively358

stable because instructional content and task complexity were held constant. GCL showed no stable ordering359

and was not interpreted as evidence of increased learning investment.360

7.4 Participant-level heterogeneity361

Figure 3 demonstrates that participant responses were heterogeneous rather than uniformly favourable.362

Participants were ordered by their engagement-interaction posterior means, and marked cells indicate363

individual intervals that included zero.364

As shown in Table 6, meaningful variation remained after accounting for the population interaction. ECL365

interaction heterogeneity was slightly greater than engagement interaction heterogeneity. Participant-level366

posterior signs were treated as descriptive summaries and were not used to classify learners into stable367

preference groups.368

7.5 Residual engagement–load association369

The residual association between engagement and ECL was:370

d�! = −0.41, 95% CrI = [−0.62,−0.15] . (30)

Equation (30) indicates a moderate negative residual association: higher engagement generally co-occurred371

with lower ECL after condition, presentation position, and participant effects had been controlled. The372

relationship was not sufficiently strong to treat engagement and ECL as a single construct.373

Figure 4 shows that AI–AI placed the largest posterior predictive mass in the favourable region. AI–HP374

retained comparatively high engagement but exhibited greater ECL dispersion. HV–AI showed relatively375
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Figure 3. Participant-specific posterior voice–presenter interactions. The heatmap presents participant-specific

posterior interaction means for engagement and ECL. Participants are ordered by their engagement-interaction

estimates. Marked cells indicate estimates whose 95% credible intervals include zero. Individual estimates are

exploratory and should not be interpreted as stable learner classifications.

Table 7. Joint engagement–load probabilities.

Condition Midpoint-state probability 95% CrI Rank-1 probability Sensitivity range

AI–AI 0.72 [0.57, 0.84] 0.89 0.63–0.78

AI–HP 0.43 [0.30, 0.57] 0.06 0.35–0.51

HV–AI 0.47 [0.33, 0.61] 0.05 0.39–0.55

HV–HP 0.22 [0.13, 0.34] < 0.01 0.16–0.29

favourable ECL but weaker engagement. HV–HP placed the least predictive mass in the favourable region. 376

7.6 Joint-state and joint-dominance results 377

As shown in Table 7, the tested AI–AI condition had a posterior predictive probability of 0.72 of 378

simultaneously achieving engagement above 3 and ECL below 4. This probability was higher than those of 379

both mixed-source conditions and more than three times that of HV–HP. The condition ranking remained 380

stable under alternative threshold specifications, although the absolute probabilities varied. 381

The threshold-free joint-dominance probabilities were: 382

�AI−AI,HV−HP = 0.87, (31)

�AI−AI,AI−HP = 0.68, (32)

�AI−AI,HV−AI = 0.65. (33)

Equations (31), (32), and (33) show that the clearest joint advantage occurred relative to HV–HP. Dominance 383

over the two mixed conditions was weaker because each mixed condition retained one AI-generated 384

component. 385

Figure 5 visually confirms the higher joint-outcome probability of AI–AI while also showing the uncertainty 386
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Figure 4. Posterior predictive joint distributions of engagement and ECL. The four panels present new-participant

posterior predictive distributions for the four audiovisual conditions. Dashed lines indicate the engagement midpoint

of 3 and the ECL midpoint of 4. The high-engagement and low-ECL region is shaded.

Table 8. Exact leave-one-participant-out predictive performance.

Model Pooled MAE Pooled RMSE X
2
LOPO

LOPO ELPD ELPD diff. from M4

M1: main effects + random intercept 0.489 0.632 0.36 −116.8 −8.1

M2: interaction + random intercept 0.468 0.611 0.40 −113.4 −4.7

M3: participant-specific interaction 0.452 0.600 0.43 −111.2 −2.5

M4: proposed bivariate hierarchy 0.441 0.570 0.47 −108.7 Reference

Note. MAE and RMSE are pooled standardised errors. LOPO = Leave-One-Participant-Out; ELPD = Expected Log Predictive

Density.

and overlap surrounding the two mixed-source conditions.387

7.7 Exact participant-level predictive performance388

Table 8 shows that adding the population interaction reduced RMSE from 0.632 to 0.611. Allowing389

participant-specific interaction variation reduced RMSE to 0.600. The proposed bivariate model achieved390

the lowest pooled standardised RMSE of 0.570 and the highest cross-validated '2 of 0.47.391

The relative RMSE reduction compared with M3 was:392

0.600 − 0.570

0.600
× 100 = 5.0%. (34)

Equation (34) defines the reported relative improvement. Prediction error decreased in 20 of the 29 held-out393

participant folds, increased modestly in six folds, and changed by less than 0.01 in three folds. Thus,394

69.0% of held-out participants showed lower prediction error. The Wilson 95% confidence interval for this395

proportion was approximately 50.8%–82.7%.396
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Figure 5. Posterior predictive midpoint-state and joint-dominance probabilities. Panel A presents posterior predictive

probabilities and 95% credible intervals for the four audiovisual conditions, together with rank-1 probabilities and

threshold-sensitivity ranges. Panel B presents threshold-free joint-dominance probabilities relative to HV–HP and

between selected non-reference conditions.

The ELPD difference between M4 and M3 was 2.5, with a standard error of 2.1. This represents a modest 397

predictive advantage rather than decisive evidence that the more complex model will consistently generalise 398

better. 399

7.8 Computational diagnostics and sensitivity analyses 400

Table 9 indicates satisfactory computational behaviour. No divergent transitions or tree-depth warnings 401

occurred, and all '̂ values were below 1.01. 402

Posterior predictive checks reproduced the means, variances, and central distributional ranges of engagement 403

and ECL. The model slightly underrepresented the most extreme participant scores, but the Student-C 404

likelihood represented the distributional tails more adequately than the Gaussian sensitivity model. 405

The population interaction retained the same direction under conservative, primary, and weakly regularising 406

priors. The sensitivity model containing participant-specific voice and presenter slopes yielded similar 407

population-level estimates, although its variance parameters were less precise. The item-level ordinal 408

analysis reproduced the condition ordering while producing wider intervals. 409

Figure 6 shows that omitting individual participants changed the magnitude of the interaction but did not 410

reverse its direction. The ECL interaction was somewhat more sensitive to participant omission than the 411

engagement interaction, although the substantive condition ranking remained unchanged. 412
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Table 9. Bayesian computational diagnostics.

Diagnostic Result

MCMC chains 4

Iterations per chain 4,000

Warm-up iterations per chain 2,000

Target acceptance probability 0.95

Maximum '̂ 1.004

Minimum bulk ESS 1,428

Minimum tail ESS 1,217

Divergent transitions 0

Maximum tree-depth warnings 0

Exact participant-level validation refits per model 29

Note. ESS = Effective Sample Size; MCMC = Markov Chain Monte Carlo.

Figure 6. Exact leave-one-participant-out influence analysis. The panels present engagement and ECL voice–presenter

interaction estimates after excluding each participant and refitting the model. Horizontal reference lines indicate the

full-sample estimates, and intervals represent 95% credible intervals.
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8. Discussion 413

8.1 Principal findings 414

This study examined how voice source and presenter type jointly shaped self-reported engagement and 415

extraneous cognitive load in short instructional videos. Rather than treating the four audiovisual conditions 416

as unrelated categories, the analysis decomposed the experimental design into voice, presenter, and voice– 417

presenter interaction effects while explicitly modelling participant heterogeneity and the dependence between 418

engagement and cognitive load. 419

Three findings are particularly important. First, the tested AI-generated voice–avatar condition was associated 420

with the most favourable overall engagement–load profile. The standardised voice–presenter interaction was 421

positive for engagement (0.24, 95% CrI [0.08, 0.40]) and negative for extraneous cognitive load (−0.29, 95% 422

CrI [−0.48,−0.10]). These estimates indicate that the combined condition was associated with an additional 423

advantage beyond the average contributions of voice source and presenter type considered separately. The 424

comparatively weaker and less precise main effects further suggest that the audiovisual configuration was 425

more informative than either component in isolation. 426

Second, the engagement association was dimension-specific rather than uniform. The largest interaction 427

was observed for Aesthetic Appeal, followed by Reward Factor and Perceived Usability. By contrast, the 428

interaction for Focused Attention was smaller and remained uncertain. This pattern indicates that the AI–AI 429

condition was primarily associated with how attractive, usable, coherent, and rewarding the presentation 430

appeared, rather than with a clear increase in sustained attentional absorption. The distinction is theoretically 431

important because a favourable overall engagement score does not imply that every component of engagement 432

changed to the same extent. 433

Third, the population-level effects coexisted with meaningful participant heterogeneity. The between- 434

participant standard deviation of the interaction was 0.22 for engagement and 0.24 for extraneous cognitive 435

load. These values were similar in magnitude to the corresponding population interactions, indicating that 436

individual responses were not negligible relative to the average effect. Some participants therefore showed 437

substantially stronger or weaker interaction patterns than the population mean. The findings support a 438

probabilistic interpretation in which the tested AI–AI configuration was favourable on average, but not 439

uniformly optimal for every learner. 440

8.2 Voice–presenter interaction as an audiovisual configuration effect 441

The results suggest that voice and presenter characteristics should be considered as a coordinated audiovisual 442

configuration rather than as independent design choices. The combined AI-generated condition was more 443

consistently associated with higher engagement and lower extraneous cognitive load than either mixed-source 444

condition. This pattern is compatible with the possibility that greater temporal consistency, pacing alignment, 445

lip synchronisation, or stylistic coherence reduced the perceptual effort required to integrate the auditory 446

and visual channels. 447

However, the statistical interaction does not establish which mechanism produced the observed pattern. 448

Audiovisual coherence, social presence, novelty, voice clarity, presenter appearance, recording quality, 449

and platform-specific rendering may all have contributed. Because these properties were not manipulated 450

independently, the interaction should be interpreted as an empirical property of the tested configuration 451

rather than as proof of a universal psychological mechanism. 452

This distinction is especially important when interpreting the lower extraneous cognitive load associated with 453

the AI–AI condition. Extraneous cognitive load reflects processing demands generated by the presentation 454

rather than the intrinsic complexity of the learning content. The instructional script and task were held 455

constant across conditions, and the interaction for Intrinsic Cognitive Load remained uncertain. The results 456
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are therefore more consistent with a presentation-related difference than with a change in the underlying457

difficulty of the learning material.458

The Germane Cognitive Load result also remained uncertain and did not follow the condition ordering459

observed for engagement or extraneous cognitive load. This finding limits claims that the tested audiovisual460

configuration increased learners’ deliberate cognitive investment. The results indicate a more specific461

benefit in perceived presentation quality and processing fluency rather than a general increase in all forms of462

cognitive engagement.463

8.3 Engagement and extraneous cognitive load as related but distinct outcomes464

The residual correlation between engagement and extraneous cognitive load was d�! = −0.41, with a 95%465

credible interval of [−0.62,−0.15]. This moderate negative relationship indicates that higher engagement466

generally co-occurred with lower presentation-related load after voice, presenter, interaction, presentation467

position, and participant effects had been accounted for.468

Nevertheless, the magnitude of the correlation also shows that engagement and extraneous cognitive load469

were not interchangeable. A video could be perceived as attractive or rewarding while still requiring470

substantial processing effort. Conversely, a relatively easy-to-process video could generate only moderate471

engagement. Analysing the two outcomes separately would therefore provide an incomplete representation of472

the user experience, whereas collapsing them into a single score would obscure their conceptual differences.473

The joint-outcome analysis addressed this issue by estimating the probability that a new participant would474

simultaneously report engagement above the scale midpoint and extraneous cognitive load below its midpoint.475

The probability was 0.72 for AI–AI, compared with 0.43 for AI–HP, 0.47 for HV–AI, and 0.22 for HV–HP.476

The threshold-free probability that AI–AI jointly dominated HV–HP was 0.87. These results indicate that477

the advantage of the tested AI–AI configuration was not limited to one outcome considered in isolation.478

The midpoint-state probabilities should nevertheless be interpreted as descriptive decision summaries rather479

than as validated educational classifications. The engagement threshold of 3 and the extraneous-load480

threshold of 4 correspond to the scale midpoints, not to externally validated boundaries for effective learning.481

For this reason, the threshold-free joint-dominance probabilities provide a more robust basis for comparison.482

The stability of the condition ranking across alternative thresholds further suggests that the principal pattern483

was not produced solely by one arbitrary cut-off.484

8.4 Participant heterogeneity and implications for adaptive presentation485

The hierarchical model revealed that individual responses varied meaningfully around the population486

interaction. This heterogeneity provides a more nuanced interpretation than a conventional average-condition487

comparison. Although the AI–AI condition was associated with the most favourable population profile,488

some participants responded similarly or more favourably to one of the mixed-source conditions.489

Several learner characteristics could plausibly contribute to this variation, including previous exposure to490

synthetic media, preference for human social cues, sensitivity to voice naturalness, attitudes towards virtual491

presenters, language-processing strategies, and visual-design preferences. These characteristics were not492

available in the present dataset and should therefore be treated as hypotheses for future research rather than493

as established explanations.494

The heterogeneity results motivate further investigation of preference-aware and adaptive audiovisual495

presentation. A learning platform could potentially allow learners to select among alternative voices496

and presenter styles or use early preference information to adapt subsequent materials. Such systems497

should not, however, classify learners on the basis of four observations alone. The participant-specific498

estimates in this study were partially pooled and remained uncertain for many individuals. They should be499
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regarded as evidence that heterogeneity exists, not as sufficiently precise profiles for immediate automated 500

personalisation. 501

Future adaptive systems should therefore combine repeated observations, explicit user preferences, be- 502

havioural indicators, and direct learning outcomes. Prospective validation would also be required to 503

determine whether adaptation based on audiovisual preferences improves learning or merely increases 504

short-term satisfaction. 505

8.5 Predictive performance and model adequacy 506

The exact leave-one-participant-out analysis provided a secondary assessment of whether the proposed 507

model generalised to unseen participants. Adding the population interaction reduced pooled standardised 508

RMSE from 0.632 to 0.611. Introducing participant-specific interaction variation reduced RMSE further to 509

0.600, while the full bivariate model achieved an RMSE of 0.570. 510

The resulting 5.0% reduction relative to the participant-interaction model was modest rather than dramatic. 511

Prediction error decreased for 20 of the 29 held-out participants, increased modestly for six, and was 512

effectively unchanged for three. The exact LOPO ELPD difference between the full model and the 513

participant-interaction model was 2.5 with a standard error of 2.1. Thus, the predictive evidence favoured 514

the bivariate specification on average, but did not establish decisive superiority. 515

This result is methodologically informative. The value of the joint model lies not only in reducing prediction 516

error, but also in representing the residual dependence between engagement and extraneous cognitive load 517

and propagating uncertainty into the joint-state estimates. The relatively modest predictive improvement 518

also guards against an overly optimistic interpretation of model complexity. A more elaborate model is 519

justified only when it provides clearer estimands, more appropriate uncertainty quantification, or better 520

generalisation, rather than merely producing a better in-sample fit. 521

The influence analysis further showed that omitting individual participants changed the magnitude but not 522

the direction of the principal interactions. The extraneous-load interaction was somewhat more sensitive to 523

participant omission than the engagement interaction. This sensitivity is consistent with the small sample 524

and reinforces the importance of reporting posterior intervals and participant-level validation rather than 525

relying on point estimates alone. 526

8.6 Theoretical implications 527

The findings extend the conventional multimedia perspective in two ways. First, they indicate that the 528

effects of auditory and visual components may not be adequately represented by additive main effects. The 529

statistically supported voice–presenter interaction suggests that the coherence of a multimodal configuration 530

can be more important than the isolated source of either modality. 531

Second, the results emphasise that multimedia responses are distributed across participants rather than 532

represented by a single universal effect. A population-average advantage can coexist with substantial 533

variation in individual response. Theoretical models of AI-mediated learning may therefore benefit from 534

distinguishing between population-level audiovisual principles and learner-specific sensitivity to particular 535

social and perceptual cues. 536

The results also refine the interpretation of AI-generated instructional media. The strongest differences were 537

associated with aesthetic appeal, reward, perceived usability, and extraneous cognitive load, whereas focused 538

attention and the remaining cognitive-load dimensions were less clearly affected. The evidence therefore 539

supports a relatively specific account: the tested AI-generated audiovisual configuration was associated with 540

a more favourable perceived presentation experience, but the data do not establish broader improvements in 541

learning, attention, or cognitive investment. 542
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8.7 Practical implications543

For developers of short instructional videos, the findings suggest that voice and presenter should be designed544

and evaluated jointly. Replacing only a voice or only a presenter may not reproduce the experience545

associated with a coordinated audiovisual configuration. Practical evaluation should therefore consider546

voice naturalness, pacing, facial motion, lip synchronisation, caption timing, visual style, and perceived547

coherence as an integrated system.548

The results also caution against assuming that greater realism is always preferable. The mixed-source549

conditions did not consistently reproduce the engagement–load profile observed in AI–AI, even though each550

retained either an AI-generated voice or an AI-generated avatar. A technically realistic component may still551

be less effective when combined with another component that differs in timing, style, or social signalling.552

At the same time, the current evidence does not justify replacing human instructors or human-presented553

materials. Human instructors provide adaptive explanation, interpersonal responsiveness, pedagogical554

judgement, and relational support that were not represented in the short controlled videos. The present555

findings are most relevant to the design of brief, standardised audiovisual materials rather than to the broader556

substitution of human teaching.557

9. Limitations558

Several limitations should be considered when interpreting the findings. First, the sample included only 29559

learners from one institution and one proficiency level, which limits statistical precision and external validity.560

Although the within-participant design and Bayesian partial pooling improved estimation efficiency, they561

cannot replace replication in larger and more diverse samples.562

Second, each factor level was represented by a single voice and a single presenter. Generation source563

was therefore partly confounded with voice identity, presenter identity, appearance, recording quality, and564

implementation-specific characteristics. The findings apply to the tested stimuli rather than to AI-generated565

or human-produced videos in general.566

Third, the study relied on self-reported engagement and cognitive load. No direct measures of learning567

achievement, retention, transfer, viewing behaviour, or physiological response were collected. The more568

favourable engagement–load profile observed for AI–AI should therefore not be interpreted as evidence of569

superior learning outcomes.570

Fourth, the videos were brief and covered one foreign-language topic. Responses to longer, more571

demanding, or repeatedly viewed materials may differ. In addition, manipulation checks for perceived572

humanness, naturalness, realism, lip synchronisation, and audiovisual congruence were unavailable,573

preventing identification of the mechanism underlying the interaction.574

Fifth, participant characteristics such as age, prior exposure to AI-generated media, attitudes towards AI,575

and language proficiency were not available for moderator analysis. The exact presentation sequences were576

also unavailable, although presentation position was controlled statistically.577

Finally, the midpoint-state thresholds were descriptive rather than validated educational cut-offs, and578

participant-specific effects were estimated from only four observations per learner. The heterogeneity results579

therefore support the presence of individual variation but should not be used to define stable learner profiles.580

Larger preregistered studies with multiple voices and presenters are required to confirm the robustness and581

generalisability of the findings.582
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10. Conclusion 583

This study proposed an uncertainty-aware Bayesian framework for analysing voice–presenter interactions 584

in short instructional videos. By jointly modelling engagement and extraneous cognitive load while 585

accounting for participant heterogeneity, the framework provided a more informative assessment than 586

separate condition-level comparisons. 587

The tested AI-generated voice–avatar condition was associated with the most favourable estimated 588

engagement–load profile. Its strongest associations occurred for aesthetic appeal, reward-related en- 589

gagement, perceived usability, and lower extraneous cognitive load, whereas focused attention, intrinsic 590

cognitive load, and germane cognitive load remained less certain. 591

The results also showed that engagement and extraneous cognitive load were related but distinct, and that the 592

average advantage of AI–AI varied across participants. These findings suggest that audiovisual effectiveness 593

depends not only on whether individual components are AI-generated or human-produced, but also on how 594

voice and presenter function together. 595

The conclusions remain specific to the tested stimuli, sample, short-video format, and self-reported outcomes. 596

Future research should employ larger and more diverse samples, multiple independently sampled voices and 597

presenters, direct learning assessments, and objective measures of audiovisual quality to determine whether 598

the observed interaction generalises across educational contexts. 599
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