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This paper investigates an adaptive instruction framework driven by multi-modal
learning analytics that integrates behavioral logs, cognitive proxies, and opportunistic
affective signals under realistic missingness. The study analyzes 286 learners across
an 8-week course, comprising 1,942 learning sessions windowed at 10-second
resolution. Modality retention reflected deployment constraints, with behavioral
coverage at 100%, cognitive coverage at 88%, and affective coverage at 73%,
alongside reliability indices of 0.92, 0.84, and 0.71, respectively. Predictive modeling
results show that reliability-aware multi-modal fusion outperformed behavioral-only
baselines for mastery and next-step correctness, improving AUC from 0.812 to 0.872
and Macro-F1 from 0.741 to 0.793. Gains increased with content difficulty, with hard
units improving from 0.794 to 0.887 AUC and from 0.712 to 0.801 Macro-F1. In
instructional impact evaluation, adaptive sequencing raised end-of-course mastery
rate from 0.70 to 0.78 (absolute +0.08, relative +11.4%) and increased near-transfer
performance from 71.6 to 76.9 (+5.3 points), while total learning time rose modestly
from 212.4 to 219.7 minutes (+3.4%). Efficiency outcomes improved across devices,
reducing median time-to-mastery from 26.5 to 23.1 minutes on desktop and from 28.7
to 26.6 minutes on mobile, with no subgroup exhibiting degraded outcomes. Attention
diagnostics indicated state-conditional modality reliance, with affective weighting
rising most in frustration states (0.24), and policy behavior aligned with pedagogical
intent through increased worked-example selection under confusion and restrained
pacing interventions. Overall, the results demonstrate that tri-modal evidence can
improve both inference and learning outcomes while remaining robust to missingness
and device heterogeneity.

Keywords Multi-Modal Learning Analytics, Adaptive Instruction, Learning State Inference,
Cognitive Load, Affective Computing, Reliability-Aware Fusion, Contextual Bandits, Mastery
Prediction

Introduction

Adaptive learning systems increasingly operate in hybrid learning ecologies
where meaningful evidence of learning is distributed across platform interaction
traces, physiological responses, and observable behavioral cues. Conventional
learning analytics pipelines, dominated by clickstream and assessment logs,
frequently under-specify latent learning processes such as cognitive effort,
attentional regulation, and affective engagement. This creates an
instrumentation gap between what adaptive instruction must optimize in real
time and what single-channel data can reliably represent. Recent scholarship
positions Multi-Modal Learning Analytics (MMLA) as a response to this gap by
integrating heterogeneous signals and aligning them with pedagogical decision-
making [1], [2].

The shift toward MMLA has produced substantive progress in conceptual
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framing and tooling, particularly around linking multimodal evidence to learning
design choices and instructional interventions [3]. However, scaling MMLA into
adaptive systems remains constrained by practical and theoretical limits,
including signal synchronization, sensor noise, missingness, and the
interpretability of fused representations for educators. Systematic evidence on
multimodal data fusion further indicates that many implementations remain
prototype-oriented, with limited generalization across contexts and modest
attention to reproducibility. These constraints motivate a more instruction-
centered framing where fusion is treated as a reliability-weighted inference
problem rather than an engineering afterthought [4].

A second gap concerns the operational definition of learner state. Multimodal
signals can indicate fine-grained, time-varying mental states, yet most adaptive
systems still act on coarse proxies such as quiz scores or aggregated
engagement metrics. Prior work demonstrates that multimodal features can
capture learner mental state dynamics during learning processes, suggesting
that affective and behavioral micro-patterns carry information not available in
outcome measures alone [5]. Nevertheless, translating these estimates into
robust instructional actions is non-trivial because affective expressions,
interaction styles, and cognitive effort can be context-dependent and culturally
mediated. This paper positions learner state as a structured latent construct
inferred from behavioral, cognitive, and affective signals under uncertainty.

Cognitive and affective sensing specifically offer leverage for adaptive
personalization, but they also introduce modeling ambiguity. Studies that
employ multimodal indicators to infer cognitive load during online problem-
solving show promise, while also revealing sensitivity issues when
discriminating subtle load changes or transferring models across tasks [6]. In
parallel, the rapid expansion of affective computing for learning has
systematized methods and taxonomies for emotion and engagement inference,
yet the field still lacks stable conventions for mapping inferred affect into
pedagogically defensible interventions at scale [7]. Addressing this requires an
explicit linkage between multimodal inference, instructional intent, and
measurable learning benefit rather than “prediction-only” model objectives.

The move from unimodal to multimodal evidence also increases ethical and
governance stakes. Capturing video, audio, and physiological traces expands
the attack surface for misuse and heightens risks of surveillance-like
encroachment, especially when adaptivity is deployed without transparent
boundaries. A systematic review of privacy in MMLA highlights tensions
between pedagogical value and learner autonomy, indicating the need for
privacy-by-design constraints within the analytics pipeline [8]. Complementary
syntheses of privacy and data protection issues in learning analytics stress that
technical safeguards must be coupled with clear purpose limitation and
accountability, particularly when sensitive signals are collected continuously [9].
These requirements shape both system architecture and evaluation criteria in
multimodal adaptivity.

Methodologically, multimodal adaptive instruction benefits from advances in
learner modeling that represent learning as a temporal process rather than a
static trait. Transformer-based knowledge tracing models demonstrate
improved capacity to track evolving mastery under sparse and noisy observation
regimes, strengthening the feasibility of using fine-grained temporal signals for
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personalization [10]. Session-aware formulations further address a common
realism gap by modeling within-session and across-session dynamics explicitly,
aligning better with authentic learning episodes rather than treating all
interactions as one uninterrupted sequence [11]. These modeling advances
motivate multimodal architectures that couple state estimation with action
policies, enabling adaptivity to respond to both mastery and regulation signals
in real time.

Finally, adaptive instruction requires decision policies, not only predictions.
Reinforcement learning has long been framed as a mechanism for inducing
pedagogical strategies in adaptive and intelligent educational systems, but early
work also underscored data-efficiency and safety constraints when learning
policies from real learners [12]. More recent demonstrations of reinforcement
learning for adaptive scheduling in large-scale online learning show feasibility
for optimizing instructional sequences while balancing learning gains and
workload [13]. Yet such policy learning must be constrained by algorithmic
fairness considerations because multimodal sensing and optimization can
amplify demographic or accessibility disparities if bias is not actively mitigated
[14]. This paper addresses these gaps by proposing an instruction-first MMLA
framework that integrates tri-modal signals into reliable state inference and
constrained adaptive policy selection.

Literature Review

Learning analytics and educational data mining have established the
methodological backbone for evidence-based personalization by formalizing
how interaction traces, assessments, and contextual data can be converted into
actionable indicators of learning and instruction. Foundational syntheses clarify
core task families such as prediction, clustering, relationship mining, and
discovery with models that support both descriptive understanding and
intervention design [15]. Subsequent reviews emphasize that modern
educational data pipelines increasingly prioritize scalability and interpretability
because analytics outputs must be pedagogically legible to function as adaptive
triggers [16].

A central limitation of log-centric adaptivity is that it often conflates observed
behavior with underlying cognitive processing. Cognitive Load Theory explains
why learners with identical click patterns can experience different learning
outcomes due to working-memory constraints during problem solving [17].
Measurement research extends this foundation by formalizing multi-indicator
approaches to estimate load, highlighting the need to separate task complexity
from extraneous processing induced by poor instructional design [18]. These
perspectives justify adding cognitive proxies to adaptive state estimation instead
of relying on performance alone.

Affective processes further complicate adaptive decision-making because
emotions shape attention allocation, strategy choice, and persistence. The
control-value theory of achievement emotions provides a structured account of
how appraisals of control and value generate distinct emotions that can either
facilitate or hinder learning trajectories [19]. This theory is particularly relevant
to adaptive instruction because it implies that the same task can trigger different
affective responses depending on perceived competence and stakes, requiring
adaptivity to attend to regulation as well as mastery.
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Engagement is widely treated as a multi-dimensional construct that bridges
observable patrticipation with cognitive investment and emotional involvement.
Evidence syntheses frame engagement as behavioral, emotional, and cognitive,
and connect engagement to achievement and retention across learning contexts
[20]. Complementarily, self-regulated learning scholarship consolidates models
in which learners monitor goals, deploy strategies, and regulate motivation and
affect, implying that adaptive systems should detect both performance signals
and regulation breakdowns to personalize effectively [21].

Within affective learning research, dynamic accounts emphasize that productive
learning often involves transient confusion and disequilibrium rather than
continuous positive affect. Empirical modeling of affective trajectories during
complex learning argues that confusion can function as a gateway state that
promotes deeper processing when learners successfully resolve impasses,
whereas unresolved confusion can cascade into frustration and disengagement
[22]. This distinction matters for adaptive instruction because it motivates
interventions that support resolution rather than simply suppressing negative
affect.

Multi-modal fusion research provides the computational toolkit needed to
combine heterogeneous signals without collapsing their semantics. Survey work
in multimodal machine learning organizes fusion strategies into early, late, and
hybrid approaches and highlights attention-based mechanisms for reliability-
sensitive aggregation across modalities [23]. For adaptive learning, these
taxonomies motivate architectures that treat modality contribution as conditional
on context and data quality, enabling robust inference when sensors are noisy
or intermittently absent.

Finally, real-world MMLA deployments must handle missingness and partial
observability as routine rather than exceptional conditions. Practical guidance
on multiple imputation by chained equations formalizes principled recovery of
incomplete data under defensible assumptions, offering a pathway to stabilize
training and evaluation when modalities drop out non-uniformly across devices
and sessions [24]. This literature supports robustness-oriented pipelines where
adaptivity does not fail closed when affective or cognitive channels are
unavailable, but instead degrades gracefully.

Methodology

Research Design and Study Context

A quasi-experimental longitudinal design was implemented in an undergraduate
“Introduction to Data Science” course delivered via an adaptive LMS. The study
spanned 8 instructional weeks and covered 12 concept units. A total of 286
learners consented to multimodal logging, yielding 1,942 learning sessions.
Instruction alternated between baseline sequencing and adaptive sequencing
to enable within-course comparability while preserving authentic classroom
conditions and minimizing instructor-driven confounds.

Figure 1 summarizes the longitudinal structure that enables causal
interpretation under realistic constraints. Alternating baseline sequencing and
adaptive sequencing limits systematic drift caused by instructor pacing or topic
ordering. Each week block denotes the active condition and the number of units
completed, providing a compact view of exposure. The arrows emphasize
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continuity across weeks, which matters because adaptive actions use recent
history to infer state.

Baseline Adaptive Baseline Adaptive Baseline Adaptive Baseline Adaptive
Units : 1 Units : 2 Units : 2 Units : 1 Units : 2 Units : 1 Units : 2 Units - 1
Consent + onboarding Midpaoint calibration (pilot weights, missingness audit) Post-test + near-fransfer items

2 3 4 &) ) 7 &

Week

Figure 1 Study Timeline and Adaptive Intervention Points

The timeline also clarifies where calibration and outcome measurements occur.
The midpoint calibration represents a structured audit of missingness patterns
and preliminary parameter tuning, which reduces instability in later adaptive
decisions. The endpoint emphasizes near-transfer assessment after sustained
exposure, ensuring the evaluation reflects learning rather than short-term test
familiarity. This figure operationalizes internal validity by making temporal
alignment explicit and reproducible.

Table 1 establishes the empirical scale of observation, which is essential when
multi-modal analytics are sensitive to sparsity. The session count indicates
adequate repetition per learner for estimating stable behavioral baselines and
for learning within-learner deviations. The median session duration also
suggests that windows can be aggregated without collapsing into trivial
sequences. Unit completion rates confirm that most learners experienced the
instructional pipeline sufficiently to evaluate adaptive impact.

Table 1 Participant and Session Summary

Median Units Device mix
Cohort Learners (n) Sessions (n) session completed o
. (Desktop %)
length (min) (mean)
A 142 978 241 9.3 61
B 144 964 23.6 9.1 59
Total 286 1,942 23.9 9.2 60

The device mix column anticipates modality variability, particularly for affective
streams that depend on camera availability and environmental lighting. A similar
device distribution across cohorts supports fairness in comparing adaptive
effects. The totals also provide a practical indicator of computational load for
feature extraction and policy learning. In deployment-oriented studies, such
scale descriptors inform feasibility claims and justify design choices such as
embedding size and update frequency.

Learning outcomes were operationalized as mastery attainment and near-
transfer performance. Mastery was derived from weekly criterion quizzes
aligned to each unit, while near-transfer was measured via short applied items
embedded in practice. To stabilize inference, missingness from intermittent
device unavailability was handled using session-level inclusion rules, ensuring
that each retained session contained behavioral logs plus at least one additional
modality.

K

1
Mastery, , = I! (Ez Siuk =T) (1)
k=1
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The indicator function defines mastery for learner i on unit u when average item
score S;,u,k across K items exceeds threshold 7 (set to 0.80). This formulation
enforces an interpretable criterion and reduces sensitivity to single-item noise.
Mastery labels served as targets for modeling and as endpoints for evaluating
adaptive instruction quality at the unit level.

Multi-Modal Signal Acquisition and Preprocessing

Three modality families were collected: behavioral, cognitive, and affective
signals. Behavioral traces included clickstream events, time-on-task, hint
usage, and navigation entropy. Cognitive proxies were derived from keystroke
dynamics during constructed responses and from response-time distributions in
timed micro-quizzes. Affective data were obtained through webcam-based
facial action unit estimates and optional self-report micro-checks, sampled
sparsely to reduce intrusiveness.

Figure 2 clarifies the methodological commitment to synchronization as the
primary integration mechanism. Behavioral, cognitive, and affective streams
originate from heterogeneous sensors and logging layers. Aligning all
modalities to an LMS anchor clock prevents false correlations driven by clock
drift or inconsistent sampling. The figure also expresses a key reproducibility
constraint: the same alignment logic applies across sessions, enabling
comparable window semantics between learners and devices.

Behavioral logs
(clicks, hints, dwell)

Cognitive proxies
{latency, keystrokes)

Timestamp alignment
(LMS anchor clock)

Windowing Feature
(10-second bins) " matrix

Y

Y

Y

Affective estimates
{valence, arousal)

Figure 2 Multi-Modal Pipeline from Raw Signals to Synchronized Session Windows

The pipeline also communicates why windowing is a defensible compromise
between granularity and reliability. Ten-second bins preserve temporal ordering
while smoothing sporadic events and noisy affective estimates. The final feature
matrix represents the shared interface consumed by both predictive models and
adaptive policies. By depicting cleaning as a cross-cutting step, the figure
foregrounds robustness, which is necessary when affective streams have
variable quality and cognitive proxies exhibit heavy-tailed latency.

Table 2 operationalizes the multi-modal stance by stating what is measured,
how often it is measured, and how much survives quality filters. Behavioral
coverage is complete because it is captured at the platform level. Cognitive
proxies show moderately high retention, which is expected when some activities
are multiple-choice and do not yield keystroke streams. Affective retention is
lower, which is consistent with privacy choices and practical constraints of
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camera usage.

Table 2 Modalities, Sampling Granularity, and Retained Coverage

Primary Sampling / Retained Main
Modality . Granularity . . o missingness
signals logging sessions (%) driver
Clicks, scroll,
Behavioral hints, dwell, Event-level LMS server 100 None (core
A logs LMS)
navigation
Response
time, Client-side Unsupported
Cognitive keystroke Per item 88 nsupp
. capture input fields
intervals,
revisions
Valence, Webcam Camera off,
Affective arousal, AU Window (2 Hz) N 73 lighting, privacy
estimation
aggregates opt-out

The “missingness driver” column is methodologically important because it
informs fusion and evaluation. If missingness is nhon-random, naive
concatenation biases the model toward learners with richer sensing conditions.
Stating missingness sources supports defensible choices such as reliability-
aware attention and evaluating models under observed missingness rather than
artificially complete data. This table therefore anchors the design rationale for
robust standardization and modality gating in later stages.

All streams were synchronized into 10-second windows using LMS timestamps
as the anchor. Outliers were removed via robust clipping at the 1st and 99th
percentiles per learner to avoid penalizing naturally slower readers. Affective
estimates were smoothed with a median filter to suppress transient detection
artifacts. Cognitive latency features were log-transformed to stabilize variance
and reduce skew typical of response-time distributions.

M x; ¢+ — median(x;) 5
T MAD(x;) + € ()

Robust standardization was performed using the median and median absolute
deviation (MAD) per learner i, with e = 10° for numerical stability. This
transformation improves cross-learner comparability while preserving individual
baselines, which is essential in adaptive settings where personalization
depends on detecting deviations from typical learner behavior rather than
absolute values alone.

Feature Representation and Multi-Modal Fusion

Windowed signals were converted into compact representations suitable for
real-time inference. Behavioral traces were encoded using session-level
Markov transition features and entropy measures, capturing persistence and
exploration. Cognitive features included distributional summaries of latency and
keystroke intervals, emphasizing variability and speed-accuracy tradeoffs.
Affective features were summarized as valence and arousal trajectories plus
volatility indices, reflecting stability of emotional state during learning activities.

Figure 3 communicates the core representational choice: each modality is
encoded independently, then aggregated through attention weights that vary
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over time. This structure prevents a single noisy stream from dominating the
fused state. It also supports interpretability because attention coefficients can
be inspected to understand when cognitive or affective evidence is relied upon.
The fused embedding is deliberately compact to meet the latency constraints of
adaptive decision-making.

Behavioral |
Encoder hg
Cognitive o Gated Attention N Fused State z_t
Encoder hg g (Og, Oz, Oa) 1 (32-d embedding)
Affective
Encoder hy e

Figure 3 Modality Encoders and Attention-Based Fusion

The diagram also clarifies how missingness becomes a first-class input to fusion
rather than a nuisance. Reliability enters the attention block as signal-quality
indicators, allowing the system to reduce reliance on affective estimates when
camera data are unstable. This is crucial for equitable personalization because
learners should not receive systematically different instruction due to sensor
availability. The architecture therefore aligns technical robustness with practical
deployment ethics.

Table 3 makes explicit how raw multi-modal data are reduced into analytically
stable representations. The dimensionalities are intentionally modest to avoid
overparameterization under realistic sample sizes and missingness. Behavioral
features focus on strategic navigation and persistence, which are reliable and
continuously observed. Cognitive features describe processing efficiency,
capturing time dynamics and revision behaviors that correlate with effort and
comprehension. Affective features prioritize stability and trajectory rather than
instantaneous emotion.

Table 3 Feature Blocks and Dimensionality After Preprocessing

Feature block Examples Dimensions Aggregation level Primary purpose
Navigation Engagement and
Behavioral entropy, hint rate, 24 Window + session 9ag
I strategy
transition counts
Log-latency stats
" ’ . Load and
Cognitive keystroke CV, 18 Iltem + window efficiency

revision ratio

Valence means,
Affective arousal slope, 12 Window Emotional stability
volatility index

Attention-
Fused weighted latent 32 Window
embedding z_t

Shared state for
policy
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The table also justifies the separation between engineered features and the
fused latent. Engineered blocks maintain semantic meaning for interpretation
and diagnostic analysis, while the fused embedding provides a compact state
for adaptive control. Reporting both supports methodological transparency:
model behavior can be discussed using interpretable features, while policy
performance can be attributed to the fused state’s capacity. This split also
supports ablation studies by removing modality blocks without altering
downstream interfaces.

Fusion used gated attention to weight modalities by reliability and context.
Reliability was learned implicitly from missingness patterns and signal noise
indicators, enabling the model to down-weight unstable webcam estimates
while still leveraging behavioral consistency. The fused embedding was
constrained to 32 dimensions to balance expressiveness and latency. This
representation served both predictive modeling and policy learning, ensuring a
shared state definition across the pipeline.

Z, = Ayt Ny 1, Uy ¢ = exp (qIWhm't)
¢ m,t» im,tr Ym,t zm’ exp (q—trWhm,,t) (3)

meB,C,A

The attention weights am: aggregate modality embeddings hm:into a fused state
z. Query q: is derived from recent behavioral context to emphasize modalities
that are most informative at that moment. This mechanism operationalizes
adaptive reliance on multi-modal evidence, a practical necessity when sensor
quality varies across devices and sessions.

Adaptive Instruction Policy Learning

Adaptive instruction was formulated as a contextual policy that selects the next
learning activity given the fused state zt. Actions included content difficulty
adjustment, worked-example insertion, retrieval practice prompts, and pacing
interventions. Rewards were defined to promote both short-term progress and
long-term mastery, using a shaped objective that combines immediate
correctness with mastery gains across units. Policy updates occurred at the end
of each session to preserve responsiveness without overfitting to single events.

Figure 4 represents the closed-loop structure that distinguishes adaptive
instruction from static personalization. The fused state ztz_tzt drives action
selection, which then alters subsequent learner behavior and outcomes. This
feedback loop is critical because multi-modal signals are not merely predictors
but also consequences of instruction. Visualizing the posterior update
emphasizes that the policy retains uncertainty and adapts its confidence as
more evidence accumulates across sessions.
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Instruction delivery
(content, examples,
pacing)

State inference Palicy
zi from fusion select action a3

h

h

Outcome signals P Reward
AM, AS, T B R: computation

Posterior update
(Thompson sampling)

F

Figure 4 Adaptive Decision Loop: State Inference, Action, and Reward

The reward pathway clarifies how learning gains are translated into optimization
signals. By separating outcome signals from reward computation, the figure
highlights the design choice to shape reward toward mastery and efficiency.
This structure helps prevent policies that maximize short-term correctness at
the expense of durable learning. The diagram also supports auditability because
each link can be validated independently, including state quality, action
execution, and reward sensitivity.

Table 4 defines the action space in operational terms, connecting algorithmic
decisions to pedagogically meaningful interventions. Each action is anchored to
measurable triggers derived from the fused state, ensuring that policy decisions
are grounded in observable learner signals rather than abstract preferences.
The expected effects articulate the instructional intent, which is necessary to
interpret policy outcomes and to diagnose failure modes such as over-
scaffolding or premature difficulty escalation.

Table 4 Action Space and Operational Triggers

Action Description Prlmzr;/s:glgger Expected effect Safety constraint
High mastery .
al Increase difficulty probability, low Accelerate Blocked if recent

progression

failure streak

confusion
High cognitive -
Insert worked Reduce load, Limited to 2
a2 load, low . :
example improve schema consecutive uses
accuracy
a3 Retrieval practice Stgble affect, Strengthen retention Delayed if tlm_e-
prompt medium mastery on-task excessive
Pacing Sust.alned Prevent Requ!res multi-
a4 . ; frustration, long . window
intervention disengagement ) .
dwell confirmation

The safety constraints reflect governance requirements for real adaptive
systems. Constraints prevent degenerate policies that repeatedly deliver the
same intervention or that respond to transient noise. The confirmation
requirement for frustration-based pacing interventions protects against spurious
affective estimates, which is especially important when webcam quality varies.
This table therefore functions as a contract between analytics and pedagogy,
improving interpretability and deployment readiness.

RL' =Al,AMt+lz,ASt_Ag,Tt (4)
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Reward R: combines predicted mastery improvement AM,, score gain AS;, and
time cost T: Coefficients were set to A1 = 0.6, A2 =0.3, A3=0.1 based on a
pilot calibration using 52 learners. This structure prioritizes learning gains while
discouraging unnecessarily long interventions, aligning the policy with
instructional efficiency constraints in realistic LMS deployments.

Pseudo-code 1. Adaptive instruction with contextual Thompson sampling.

Input: fused state z_t, action set A, posterior parameters {J_a, _a”2} for each ain A
For each decision point t:
For each action a in A:
Sample 8_a ~ Normal(_a, o_a’2)
Compute utility u_a =06_a - ¢(z_t) # ¢ is a fixed feature map of z_t
Selecta_t=argmax_au_a
Deliver activity corresponding to a_t
Observe reward R_t and updated mastery proxy AM_t
Update posterior (u_{a_t}, o_{a_t}"2) using Bayesian linear regression on (¢(z_t), R_t)
Output: updated posteriors for next decision point

Thompson sampling supports exploration under uncertainty while remaining
computationally light for session-time deployment. Bayesian updates retain
calibrated uncertainty, which is critical when multi-modal signals are
intermittently missing. The approach also yields interpretable action confidence
via posterior variance, enabling governance checks such as limiting high-impact
interventions unless uncertainty is sufficiently low.

Evaluation Protocol and Statistical Analysis

Performance was evaluated across prediction quality and instructional impact.
Predictive modeling targeted next-step correctness and end-of-unit mastery,
using stratified splits at the learner level to prevent leakage. Instructional impact
was assessed via mastery rate, near-transfer scores, and time efficiency.
Baselines included behavioral-only models and non-adaptive sequencing. To
emulate deployment conditions, evaluation was conducted under the same
missingness rates observed in the field rather than under artificially complete
data.

Figure 5 emphasizes methodological safeguards against data leakage and
inflated performance. Learner-level splits ensure that the system is evaluated
on new individuals rather than new sessions from the same individuals, which
is critical for adaptive learning claims. The figure also distinguishes model
evaluation from policy evaluation, clarifying that predictive accuracy and
instructional impact are related but not identical. This prevents conflating
classifier quality with pedagogy.

Models
Learners i
* 3 Behavioral-on
Train (70%:) |\.|'|u||i-n'||oda\Ihr
Outcomes
N AUC, Macro-F1
" Mastery, Transfer
Time-to-mastery
Learners s
- Mon-adaptive
Test (30%) Adaptive policy
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Figure 5 Evaluation Design: Learner-Level Split, Baselines, and Outcomes

The explicit inclusion of baselines supports robust attribution of gains to multi-
modal analytics and to adaptivity. Behavioral-only modeling isolates the
marginal value of cognitive and affective signals, while non-adaptive
sequencing isolates the marginal value of policy control. The outcomes block
integrates prediction, learning impact, and efficiency to reflect practical
deployment objectives. The note on observed missingness ensures external
validity because performance is measured under realistic sensing constraints.

Table 5 connects evaluation metrics to the claims that an adaptive learning
paper must defend. Predictive metrics test whether multi-modal analytics
improves inference about learning state. Instructional impact metrics test
whether adaptive decisions produce better learning outcomes, which is the
central effectiveness criterion. Transfer and efficiency metrics prevent narrow
optimization, ensuring that higher mastery does not arise from excessive time
investment or from teaching to the test.

Table 5 Primary Metrics and Decision Criteria

. Operational . I . .
Construct Metric definition Decision criterion Reporting unit
Next-step |
- correctness and mprove_ment over Learner-level test
Prediction AUC, Macro-F1 . behavioral-only
end-of-unit . set
baseline
mastery
Instructional Pmpo.mon of units Mixed-effects B1 > Unit-level
. Mastery rate meeting mastery .
impact 0 with p < 0.05 outcomes
threshold
Near-transfer Post minus pre Positive gain Week-level
Transfer ) performance on without time
gain Lo . . assessment
applied items inflation
Minutes until Reduction with no
Efficiency Time-to-mastery ~ mastery achieved Learner-unit pair
per unit transfer loss

The decision criteria translate metrics into publishable conclusions by specifying
inferential thresholds and reporting units. Requiring mixed-effects evidence for
the adaptive coefficient formalizes control for learner and content heterogeneity.
Stating reporting units also improves reproducibility because it clarifies whether
aggregation occurs per session, per unit, or per learner. This table therefore
functions as an evaluation schema that aligns statistical validity, instructional
significance, and deployment feasibility.

A mixed-effects framework quantified adaptive impact while accounting for
repeated measures within learners and units. Random intercepts were used for
learners and units to capture stable differences in ability and content difficulty.
Fixed effects included condition, prior knowledge proxy, and device class. This
structure supports generalizable conclusions about whether multi-modal
adaptive instruction improves outcomes beyond what is achievable with
behavioral analytics alone.

Yiu=PBo+ ,b’lAdaptiveiru + S, Prior; + (1]1) + (1|w) + &4 (5)

Outcome y;, denotes mastery or transfer performance for learner i on unit w.
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The coefficient B1 estimates the average effect of adaptive instruction after
controlling for prior preparation. Random effects (1) and (1lu) absorb
unobserved heterogeneity, improving inference stability. Significance testing
used two-sided tests with a = 0.05, complemented by effect sizes to emphasize
practical relevance.

Result and Discussion

Data Quality, Coverage, and Multi-Modal Reliability

Observed logging produced 1,942 sessions aligned to 10-second windows, with
stable behavioral coverage and variable cognitive and affective coverage.
Behavioral traces remained complete by design because server-side LMS
events persisted across devices. Cognitive proxies exhibited moderate
intermittency driven by assessment format and input-field compatibility, while
affective estimates showed the strongest missingness due to privacy opt-out
and camera unavailability. The resulting dataset represents realistic deployment
conditions rather than laboratory-grade sensing.

Reliability screening reduced noise without collapsing ecological validity.
Affective streams were retained only when face detection confidence exceeded
a fixed threshold across consecutive windows, limiting transient misdetections.
Cognitive latency distributions were stabilized through robust transformations
and exclusion of implausible response-time outliers. These decisions reduced
downstream fusion instability and improved comparability across learners.
Importantly, missingness patterns remained non-random across device classes,
motivating reliability-aware fusion and evaluation under observed missingness.

Figure 6 confirms that behavioral analytics provide a robust backbone for
adaptive learning because coverage is complete and reliability is high. The
cognitive channel remains viable for modeling because its retention exceeds 85
percent and reliability remains close to behavioral signals. In practical
deployments, this level of retention supports stable estimation of learner state
without imposing additional instrumentation burden beyond the LMS and client-
side capture.

I Coverage (%)
mmm Reliability (scaled to %)

100

100 ~

80 A

60 A

Percent

20 1

Behavioral Cognitive Affective
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Figure 6 Modality Coverage and Reliability Indices

The affective channel exhibits the expected trade-off: lower coverage and lower
reliability relative to behavioral and cognitive streams, while still contributing
usable signal for a substantial portion of sessions. This pattern justifies
reliability-aware fusion rather than deterministic inclusion. It also frames
affective sensing as an opportunistic modality that enhances inference when
available, rather than as a mandatory input that would bias personalization
toward learners with superior sensing conditions.

Table 6 shows that device class is a measurable driver of multi-modal
availability. Behavioral coverage remains invariant, confirming the stability of
platform-logged events. Cognitive coverage declines on mobile due to input
constraints and abbreviated response formats, which reduces keystroke capture
frequency. Affective coverage declines more sharply on mobile, consistent with
camera disablement and environmental constraints. These differences are
material because they can create systematic disparities in the richness of
learner state estimation.

Table 6 Coverage Stratified by Device Class

. . Behavioral Cognitive Affective
Device class Sessions (n) coverage (%) coverage (%) coverage (%)
Desktop/Laptop 1165 100 91 79
Mobile 777 100 84 64

The stratification supports two methodological conclusions. First, fusion must
explicitly account for signal reliability and missingness to avoid privileging
desktop learners with stronger affective capture. Second, reporting performance
under observed missingness is essential, because imputation-based
completeness would misrepresent real-world behavior. These results validate
the methodological choice to treat missingness as an informative condition
rather than a nuisance artifact.

Predictive Modeling Performance for Mastery and Next-Step
Correctness

Multi-modal models achieved higher predictive performance than behavioral-
only baselines on both next-step correctness and end-of-unit mastery. The
strongest gains emerged when cognitive and affective signals were fused using
reliability-aware attention, indicating that the additional modalities provide
complementary information rather than redundant noise. Improvements were
consistent across learner-level splits, suggesting generalization to new learners
rather than memorization of individual trajectories or session patterns.

Performance gains were largest in units with higher conceptual difficulty, where
behavioral patterns alone were less diagnostic of comprehension. Cognitive
latency variability and revision dynamics added discriminative power for
distinguishing productive struggle from confusion. Affective volatility contributed
most when behavioral engagement remained high but accuracy declined,
consistent with affect capturing early frustration that precedes disengagement.
These findings align with the view that multi-modal analytics is most valuable
under ambiguous behavioral signatures.
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Figure 7 demonstrates a monotonic improvement when additional modalities are
incorporated, with the full multi-modal fusion model outperforming partial fusions
and the behavioral-only baseline. The magnitude of gain is consistent across
AUC and Macro-F1, which indicates that improvements are not limited to
ranking performance but also enhance balanced classification quality across
mastery states. This is important in adaptive instruction because decision
policies depend on calibrated discrimination across both strong and weak
learners.
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Figure 7 Predictive Performance for Mastery and Correctness

The comparison between partial fusions shows that cognitive signals contribute
more than affective signals in isolation, but the combined fusion remains
superior to either pairwise configuration. This pattern is consistent with cognitive
proxies providing stable information about processing efficiency, while affective
signals add incremental value when available and reliable. The figure therefore
supports the methodological premise that multi-modal evidence is best treated
as complementary channels rather than as a single dominant modality.

Table 7 indicates that multi-modal improvements strengthen as unit difficulty
increases. This gradient suggests that behavioral features alone become less
informative in challenging contexts where learners may remain active while
misunderstanding accumulates. In harder units, cognitive variability and
affective volatility provide additional separability that improves mastery
detection. The result is practically relevant because adaptive instruction is most
needed precisely when behavioral signatures become ambiguous.

Table 7 Cross-unit Performance Stability

Unit difficult Behavioral-only Multi-modal Behavioral-only Multi-modal
y AUC fusion AUC Macro-F1 fusion Macro-F1

Easy (n=4 units) 0.828 0.846 0.762 0.773

Medium (n=5 0.811 0.869 0.739 0.795

units)

Hard (n=3 units) 0.794 0.887 0.712 0.801

The table also suggests that gains are not obtained by sacrificing performance
on easy content. Improvements remain positive across all difficulty levels,
implying that multi-modal fusion improves global calibration rather than shifting
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errors between subpopulations. For adaptive sequencing, this stability reduces
the risk of over-intervening in low-risk contexts while still enabling stronger
detection of high-risk learning states in demanding units.

Impact of Adaptive Instruction on Mastery and Near-Transfer

Adaptive instruction produced higher mastery rates and higher near-transfer
gains relative to non-adaptive sequencing. The improvement was concentrated
in learners with mid-range prior preparation, where the policy could meaningfully
adjust pacing and scaffolding without saturating at ceiling performance or being
constrained by severe foundational gaps. The result indicates that the policy’s
action space was pedagogically aligned, enabling movement from struggling
states to productive practice rather than merely increasing time-on-task.

Near-transfer gains improved without inflating total time substantially,
suggesting that the policy did not rely on excessive remediation. Worked-
example insertion and retrieval practice prompts were associated with the
strongest unit-level improvements, particularly when cognitive load indicators
increased while behavioral engagement remained high. The alignment between
state inference and action selection supports the conclusion that multi-modal
state estimation produces actionable signals that translate into measurable
learning outcomes.

Figure 8 shows a consistent divergence between adaptive and non-adaptive
conditions over time. The gap widens after the second week, which is consistent
with a policy that benefits from accumulating evidence about learner trajectories
and reliability of modalities. The trajectory implies that the system’s state
estimation becomes progressively more informative as repeated windows and
unit outcomes calibrate the posterior uncertainty behind action selection.
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0.80 1 0.78

0.76

0.75

0.75 1 073

0.70 1

0.65 1

Mastery rate

0.60

0.55 1

0.50 1

0.45

Week

Figure 8 Mastery Rate Trajectory Under Adaptive vs Non-Adaptive Instruction

The shape of the curve indicates that adaptive gains are not limited to a single
intervention week but compound across units. This is a critical property for
adaptive learning systems because policies that only yield short-lived
improvements typically reflect superficial optimization of immediate correctness.
The sustained separation suggests that the policy improved instructional
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sequencing and scaffolding choices in a way that increased durable mastery
accumulation.

Table 8 indicates that adaptive instruction improved mastery and near-transfer
with only a modest increase in total time. The magnitude of mastery gain is
educationally meaningful because it reflects an increased proportion of units
meeting a criterion threshold, not merely an increase in average score. The
near-transfer improvement strengthens the argument that the policy enhanced
generalizable understanding rather than optimizing for in-platform assessment
artifacts.

Table 8 Outcome Deltas for Mastery and Near-transfer

Non-adaptive Relative delta

Outcome Adaptive (mean) Absolute delta

(mean) (%)
Mastery rate (end 0.7 0.78 0.08 11.4
of course)
Near-transfer
score (0-100) 76 769 >3 4
Total learning time 212 4 219.7 7.3 3.4

(minutes)

The limited time increase suggests that adaptive benefits were achieved
primarily through better sequencing and targeted scaffolding, not by prolonging
exposure. This is central to the practical acceptability of adaptive instruction in
real courses, where time is constrained. The combined pattern supports an
efficiency-oriented interpretation: multi-modal analytics enabled earlier
detection of difficulty states and more precise intervention timing, reducing
wasted practice and improving learning yield per minute.

Efficiency, Equity, and Robustness Under Missingness

Time-to-mastery improved under adaptive instruction, with the strongest
efficiency gains occurring when cognitive signals were available and stable.
Under heavy missingness, the policy leaned more strongly on behavioral
evidence, resulting in smaller but still positive efficiency improvements. This
indicates that the reliability-aware fusion successfully prevented catastrophic
degradation when affective streams were absent. In deployment settings,
robustness under missingness is a core requirement because sensor availability
varies across learners and contexts.

Equity analysis suggests that adaptive benefits were present across device
classes, although gains were somewhat larger on desktop where affective
retention was higher. This differential is expected under opportunistic sensing
and reinforces the need to interpret affective contributions as additive rather
than mandatory. Importantly, no subgroup exhibited degraded outcomes relative
to non-adaptive sequencing, indicating that safety constraints and conservative
policy updates prevented harmful over-personalization.

Figure 9 shows that adaptive instruction reduces the median time-to-mastery in
both device classes. The reduction is larger for desktop learners, which is
consistent with higher availability of cognitive and affective signals that sharpen
state inference. The presence of a reduction on mobile indicates that adaptive
control remains beneficial even when richer sensing is partially unavailable,
supporting the robustness claim central to multi-modal deployment.
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Figure 9 Time-to-Mastery by Device Class and Instruction Condition

The distributional view also matters because efficiency improvements must not
be driven only by a small subset of learners. The boxplot indicates broad shifts
rather than isolated outliers, suggesting that intervention timing improved for
many learner-unit pairs. The mean markers and interquartile ranges indicate
that adaptive sequencing reduced central tendency without inflating variance,
which would otherwise imply unstable policy behavior across heterogeneous
learner contexts.

Table 9 Efficiency and Benefit Parity Indicators

Group Condition Mr::;il:r;i?"r:i-:;- Mastery rate Nea;—::)ar:sfer
Desktop/Laptop Non-adaptive 26.5 0.71 72.4
Desktop/Laptop Adaptive 23.1 0.79 77.6
Mobile Non-adaptive 28.7 0.68 70.3
Mobile Adaptive 26.6 0.76 75.2

Table 9 indicates that adaptive instruction improved all reported outcomes in
both device groups. The magnitude of improvement is larger on desktop, but the
direction is consistent, which supports a parity interpretation: adaptive
instruction did not become a privileged feature for a single sensing context. The
presence of near-transfer improvements in both groups suggests that efficiency
gains were not achieved by rushing learners through content, but by improving
the quality of instructional decisions.

The table also helps interpret missingness effects in a policy context. Because
mobile learners have lower affective coverage, the policy likely relied more
heavily on behavioral and cognitive signals, which can reduce the maximum
attainable gain but still provide value. This supports the design principle that
affective sensing should be used to enhance, not to gate, adaptive instruction.
The result strengthens the case for deployment feasibility in heterogeneous
device ecosystems.

Interpretability of Multi-Modal Fusion and Action Selection Behavior

Inspection of attention weights indicates that modality reliance shifts
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systematically with learning context. When navigation patterns were exploratory
and hint usage increased, attention shifted toward behavioral evidence,
reflecting the strong linkage between strategy and engagement. During timed
micro-quizzes with stable interaction patterns, attention moved toward cognitive
proxies, consistent with latency variability serving as a marker of uncertainty.
Affective attention increased when frustration volatility rose while behavioral
engagement remained high, indicating a targeted role rather than indiscriminate
weighting.

Action selection patterns were consistent with pedagogical intent. Worked-
example insertion was most frequent in high load states, while retrieval practice
increased when affect was stable and mastery probability was moderate.
Importantly, pacing interventions were rare and required sustained evidence,
supporting the safety constraint design. These behaviors suggest that the policy
did not converge to a degenerate strategy but instead used multi-modal
evidence to activate distinct instructional mechanisms aligned with specific
learner-state signatures.

Figure 10 provides an interpretable summary of how attention-based fusion
allocates importance across modalities. Behavioral weight remains substantial
across all states, which is consistent with its high reliability and complete
coverage. Cognitive weight peaks in productive struggle, aligning with the idea
that efficiency signals help discriminate between learners who are learning
effectively and learners who are stuck. Affective weight increases primarily in
frustration, supporting a targeted role in identifying emotional instability that can
undermine persistence.
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Figure 10 Mean Attention Weights by Inferred Learning State

The weight structure also supports a robustness interpretation. Affective weight
is non-dominant even in frustration, which indicates that the model does not
over-rely on a modality with variable availability. Instead, affective evidence acts
as a corrective factor that increases sensitivity to frustration while maintaining
behavioral and cognitive grounding. This pattern aligns with responsible multi-
modal design: the system remains effective under missingness while still
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leveraging affect when it provides incremental explanatory power.

Table 10 indicates that the policy selects actions in a manner that is consistent
with instructional theory. Increasing difficulty is most frequent when confidence
is high, which supports appropriate challenge and progression. Worked
examples dominate in confused and productive struggle states, reflecting a
scaffolding strategy aimed at reducing cognitive load while preserving learning
momentum. Retrieval practice appears prominently in confident states,
supporting consolidation and long-term retention rather than repeated re-
exposure.

Table 10 Action Selection Frequencies by State

Inferred state Increase Worked example Retrieval Pacing
difficulty (a1) (a2) practice (a3) intervention (a4)

Confident 0.41 0.12 0.39 0.08

Productive 0.19 0.44 0.3 0.07

Struggle

Confused 0.11 0.52 0.24 0.13

Frustrated 0.06 0.47 0.18 0.29

The pacing intervention frequency remains low overall but increases
meaningfully in frustrated states, suggesting that the policy reserves high-impact
interventions for conditions where sustained negative affect and inefficiency are
detected. This distribution supports the claim that safety constraints prevented
overuse of pacing changes, which could otherwise disrupt learning flow. The
table therefore strengthens the argument that multi-modal state estimation
enables differentiated pedagogy, not merely improved prediction, by connecting
inferred states to action policies that behave coherently.

Conclusion

This study demonstrates that multi-modal learning analytics can strengthen
adaptive instruction when behavioral traces are complemented by cognitive
proxies and opportunistic affective signals. Across learner-level evaluations
under realistic missingness, reliability-aware fusion improved mastery and next-
step correctness relative to behavioral-only baselines, with the largest gains
appearing in higher-difficulty units where behavioral signatures alone were
ambiguous. The results establish that multi-modal evidence contributes
complementary information that improves state inference without requiring
laboratory-grade sensing conditions.

Adaptive instruction built on the fused state produced consistent improvements
in mastery rate, near-transfer performance, and time-to-mastery relative to non-
adaptive sequencing. These gains were achieved with only modest increases in
total learning time, supporting an efficiency-oriented interpretation. Attention
diagnostics and action frequency patterns indicate that the policy activated
distinct pedagogical mechanisms aligned with inferred learner states, while
safety constraints reduced the likelihood of degenerate intervention strategies.
The findings validate the practical value of coupling multi-modal inference with
policy-driven instructional control.

The evidence also highlights deployment implications for equity and robustness.
Benefits were observed across device classes, although larger effects emerged
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where cognitive and affective capture were more available, reinforcing the
importance of treating affective sensing as additive rather than mandatory. The
study motivates future work on improving cross-device reliability calibration,
refining state representations for rare but high-impact affective events, and
expanding action spaces to include social and metacognitive supports. Overall,
the proposed framework positions behavioral-cognitive-affective integration as
a viable pathway toward more responsive, accountable adaptive learning
systems.
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