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Abstract
In informatized education, instructional management increasingly
relies on behavioral data, yet conventional centralized approaches
often overlook cohort heterogeneity and fail to capture the thresh-
old and lag effects of online learning engagement. In this study,
we propose an application-oriented analytical framework that in-
tegrates Distributed Lag Non-linear Modeling (DLNM) with Mul-
tivariate Meta-Analysis (MMA) under a summary-statistics-only
integration strategy to support evidence-based instructional man-
agement without centralizing raw data. Within this framework,
behavioral logs are retained at local instructional nodes, where
DLNM is applied to estimate non-linear and time-lagged engagement–
performance relationships; only node-level coefficients and covari-
ance matrices are transmitted for global synthesis via MMA with
Restricted Maximum Likelihood (REML), thereby establishing a
technically explicit privacy boundary. We evaluate the proposed
framework through two complementary stages: a controlled sim-
ulation first assesses parameter recovery under fragmented data
conditions and benchmarks the framework against conventional
pooling approaches, followed by a proof-of-concept empirical study
using blended learning logs from 165 students across four instruc-
tional cohorts that examines the practical interpretability of the
framework under real-world heterogeneity. The results reveal sub-
stantial between-cohort heterogeneity and a non-monotonic, inverted-
U relationship between video engagement and academic perfor-
mance. These findings demonstrate how established statisticalmeth-
ods can be systematically integrated into a governance-oriented
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analytical framework that enables threshold-aware, cohort-sensitive,
and lag-aware instructional decision-making under privacy con-
straints.
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1 Introduction
The rapid development of informatized education has transformed
teaching and learning into increasingly data-rich processes, accel-
erating education toward a more connected and data-driven stage
[23]. As online and blended learning environments continue to ex-
pand, traditional instructional boundaries of time and space are
being reconfigured, giving rise to more flexible and self-organized
learning modes [8]. This transformation has generated large vol-
umes of behavioral log data, including interaction frequency, learn-
ing duration, and other process-oriented indicators. Effectively an-
alyzing these high-dimensional behavioral data has therefore be-
come an important issue in Educational Data Mining (EDM) and
Learning Analytics (LA) to support instructional decision-making
[3].

However, existing analytical approaches still face twomajor lim-
itations. First, educational data are often distributed across plat-
forms, classes, or institutions, and privacy regulations and data silo
structures increasingly constrain centralized pooling. This makes
it difficult to integrate raw data efficiently while preserving compli-
ance, highlighting the need for distributed analytical approaches
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Figure 1: Framework overview of the proposed analytical framework under a summary-statistics-only integration strategy. At
each local instructional node, raw behavioral logs remain in place and are analyzed with DLNM to estimate the threshold and
lag effects of online learning engagement. Only node-level coefficients and covariance matrices are transmitted to the global
MMA stage, where heterogeneous cohort-level evidence is synthesized without centralizing individual-level records.

that keep raw records localized [2]. Second, many conventional
models rely on assumptions of linearity and homogeneity, which
are often inconsistent with actual learning processes. In online
learning contexts, engagement may not always produce propor-
tional gains; instead, its marginal benefit may vary across intensity
levels and may also unfold with temporal delay. Moreover, differ-
ences in instructional interventions and learner baselines may gen-
erate substantial heterogeneity across cohorts, which static global
models tend to overlook [4].

Multivariate Meta-Analysis (MMA) provides a useful pathway
for integrating heterogeneous and non-independent estimates across
distributed data settings. Compared with univariate meta-analysis,
MMA can jointly model correlated parameters through variance-
covariance structures, thereby improving robustness in multidi-
mensional estimation [14]. In parallel, the Distributed Lag Non-
linear Model (DLNM) has been widely used to capture non-linear
and lagged relationships in high-density time-series data. The com-
bination of MMA and DLNM therefore offers a promising way
to identify complex engagement–outcome patterns that conven-
tional learning analytics models may fail to detect [9].

Accordingly, this study develops an application-oriented analyt-
ical framework for data-driven instructional management in infor-
matized education under privacy constraints. The framework op-
erates on two levels: at the local level, DLNM captures the non-
linear and lagged effects of online learning engagement on aca-
demic performance within each cohort without sharing raw data;
at the global level, MMA with Restricted Maximum Likelihood
(REML) aggregates cohort-specific estimates while explicitly mod-
eling between-cohort heterogeneity. The framework is evaluated
through two complementary stages: a controlled simulation first
assesses parameter recovery under fragmented data conditions and
benchmarks the framework against conventional pooling approaches,
followed by a proof-of-concept empirical study using real-world
blended learning data that examines the practical interpretability
of the framework under real-world heterogeneity.

This study makes three bounded contributions to data-driven
instructional management in informatized education. First, it con-
tributes an application-oriented integration of DLNM, MMA, and
REML into a summary-statistics-only workflow for distributed ed-
ucational data, rather than proposing a novel statistical estimator.
Second, it shows that online learning engagement is threshold-
sensitive, temporally lagged, and cohort-dependent in the present
empirical setting. Third, it translates these regularities into decision-
relevant implications for dosage regulation, follow-up evaluation
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windows, and cohort-specific intervention design under institu-
tional data constraints.

2 Related Work
Research on online learning behavior has transitioned from de-
scriptive learning analytics to predictive and intervention-focused
modeling. Since learning analyticswas formally framed as an emerg-
ing field [24], prior studies have developed theoretical perspectives
and analytical tools for understanding online learning interactions
[13], visualizing learning processes [6], and predicting learning
trajectories or performance decline [1]. Common approaches in
applied settings include predicting academic performance based
on behavioral traces [16] and using social network methods for
structural analysis of learning communities [15]. However, these
studies are largely built on single-platform and centralized ana-
lytical settings, which makes them less suitable for current infor-
matized education environments characterized by distributed data,
cross-cohort variation, and dynamic behavioral processes. As a re-
sult, static models may obscure heterogeneity across instructional
groups and oversimplify time-sensitive learning patterns [20].

To address heterogeneity in distributed educational data, meta-
analysis offers an important foundation. Originating from effect-
size aggregation across independent studies [11, 22], meta-analysis
has been widely used to support evidence synthesis in multiple
disciplines [26]. Yet classical univariate meta-analysis is not well
suited to online learning data, where behavioral indicators are of-
ten correlated and temporally interdependent [5]. In this context,
MMA provides a more appropriate solution by jointly estimating
correlated effects through variance-covariance structures, thereby
improving the integration of heterogeneous cohort-level evidence
[28].

Another important gap in existing work concerns the dynamic
relationship between learning engagement and learning outcomes.
Prior educational studies rarely model both non-linear threshold
effects and time-lagged effects simultaneously. In contrast, research
in environmental epidemiology has shown that the DLNM is effec-
tive for identifying cumulative, non-linear, and delayed effects in
dense time-series data [10]. This logic is relevant to online learning,
where knowledge internalization is often delayed, and excessive
continuous engagement may lead to cognitive overload, producing
an inverted-U relationship between engagement and performance
[25]. Therefore, integrating DLNM with MMA provides a suitable
analytical pathway for modeling threshold, lag, and heterogeneity
effects in data-driven instructional management.

3 Methods
To support data-driven instructional management in informatized
education, this study develops a distributed analytical framework
under privacy constraints for identifying the threshold and lag ef-
fects of online learning engagement. The framework is designed
for instructional settings inwhich behavioral data are stored across
multiple educational nodes and cannot be directly pooled. It com-
bines DLNM for local estimation with MMA for global integration,
while Restricted Maximum Likelihood (REML) is used to obtain
more robust estimates of cross-cohort heterogeneity.

3.1 Analytical Overview
In online and blended learning environments, behavioral data are
often distributed across classes, platforms, or campuses. Let the
complete dataset be denoted as 𝐷 = {𝐷1, 𝐷2, … , 𝐷𝑚}, where the
local dataset at node 𝑖 is 𝐷𝑖 = {𝑋𝑖,𝑡 , 𝑌𝑖,𝑡 }. Here, 𝑋𝑖,𝑡 denotes learn-
ing engagement variables measured over time, such as video view-
ing duration and interaction frequency, and 𝑌𝑖,𝑡 denotes the corre-
sponding learning outcome at time step 𝑡 .

The objective is to estimate the engagement-performance rela-
tionship without sharing raw data across nodes. To achieve this,
we adopt a two-stage analytical pipeline (Fig 1). In the first stage,
DLNM is fitted locally tomodel non-linear and lagged engagement-
outcome relationships and to extract node-specific coefficients to-
gether with their covariance matrices. In the second stage, MMA
integrates these local estimates to identify a global pattern while
explicitly accounting for heterogeneity across instructional cohorts.
This design supports distributed evidence integration for instruc-
tional management under privacy constraints.

The privacy-related contribution of the framework lies in ar-
chitectural data minimization rather than formal privacy guaran-
tees. Raw clickstream logs and learner-level outcome records re-
main at local instructional nodes, and the central synthesis layer
receives only cohort-level coefficients and covariancematrices. Ac-
cordingly, the proposed design should be interpreted as a summary-
statistics-only integration strategy that reduces raw-data circula-
tion under institutional privacy constraints, rather than as an im-
plementation of differential privacy, secure multi-party computa-
tion, or cryptographic federated aggregation [7? ].

3.2 Local Modeling with DLNM
The local modeling stage is grounded in Cognitive Load Theory
[18]. In online learning, engagement does not necessarily produce
proportional gains:moderate engagementmay improve performance,
whereas excessive continuous engagement may lead to working-
memory overload and diminishing returns. At the same time, the
effect of engagement may not be immediate, because knowledge
internalization often unfolds over a temporal delay. To capture
these two features, we employ the DLNM at each node [10]. As
shown in Fig 2, the DLNMmodels local engagement–outcome rela-
tionships by jointly representing exposure intensity and lag struc-
ture in a bi-dimensional cross-basis space.

DLNM constructs a bi-dimensional cross-basis over the expo-
sure dimension and the lag dimension, allowing the model to rep-
resent both threshold effects and lag effects in time-series engage-
ment data. For binary outcomes, the local probabilistic model can
be written as

𝑃(𝑦 = 1 ∣ 𝑋) = exp (𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + 𝛽3𝑥3 + 𝛽4𝑥4)
1 + exp (𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + 𝛽3𝑥3 + 𝛽4𝑥4)

. (1)

In Eq. (1), 𝑦 ∈ {0, 1} denotes the learning outcome,𝑋 = [𝑥1, … , 𝑥4]
denotes the extracted engagement features, 𝛽 = [𝛽1, … , 𝛽4]⊤ de-
notes the coefficient vector after cross-basis transformation, and
𝛽0 is the intercept. For continuous outcomes such as final grades,
the local model can be implemented within a generalized linear
modeling framework using link and variance structures chosen to
match the empirical characteristics of the observed outcome distri-
bution.
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Figure 2: Architectural diagram of the local DLNM modeling stage in the proposed analytical pipeline. For each instructional
node, a bi-dimensional cross-basis is constructed from learning engagement duration and lag time to capture the threshold and
lag effects of online learning engagement. The fitted DLNM generates a non-linear exposure–response surface and produces
node-specific coefficients and covariance matrices, which are passed to the global MMA stage for evidence integration under
privacy constraints.

After local fitting, each node produces a parameter estimate vec-
tor ̂𝜃𝑖 and its covariance matrix 𝑆𝑖. These quantities summarize the
local engagement-performance relationship and serve as inputs to
the global integration stage.

3.3 Global Integration with MMA
Because instructional cohorts may differ in learner baseline, teach-
ing intervention, and contextual conditions, local estimates are ex-
pected to be heterogeneous. To integrate these non-independent
local results, we apply MMA [14].

Let 𝑦𝑖 denote the vector of local effect estimates for node 𝑖. Under
the random-effects formulation, the marginal model is

𝑦𝑖 ∼ 𝑀𝑉𝑁(𝜇, 𝑆𝑖 + Δ), (2)

where 𝜇 is the global mean effect vector, 𝑆𝑖 is the within-node co-
variance matrix estimated from the DLNM, and Δ is the between-
node heterogeneity covariance matrix.

To further account for contextual differences across instructional
units, the model can be extended to amultivariate meta-regression:

𝑦𝑖 = 𝑋𝑖𝛽 + 𝛿𝑖 + 𝑒𝑖, (3)

where 𝑋𝑖 is the design matrix of cohort-level covariates, 𝛽 is the
fixed-effect vector, 𝛿𝑖 ∼ 𝑀𝑉𝑁(0, Δ) represents between-node ran-
dom effects, and 𝑒𝑖 ∼ 𝑀𝑉𝑁(0, 𝑆𝑖) denotes within-node residual
variation.

This formulation enables the framework to synthesize hetero-
geneous cohort-level evidence while preserving the local variance
structure of each instructional unit.

3.4 REML Estimation
A key challenge in Eqs. (2) and (3) is the estimation of the hetero-
geneity matrix Δ. Standard maximum likelihood estimation may
underestimate variance components in finite samples. To reduce
this bias, we adopt Restricted Maximum Likelihood (REML) [19].

Under generalized least squares, the fixed-effect estimator is

̂𝛽 = (
𝑚
∑
𝑖=1

𝑋⊤𝑖 (𝑆𝑖 + Δ)−1𝑋𝑖)
−1

(
𝑚
∑
𝑖=1

𝑋⊤𝑖 (𝑆𝑖 + Δ)−1𝑦𝑖) . (4)

REML estimates Δ in a transformed space that is orthogonal to
the fixed effects. Let𝐴 be a transformation matrix satisfying𝐴𝑋 =
0. The transformed model is

𝐴𝑦 = 𝐴𝛿 + 𝐴𝑒. (5)

Based on this transformation, the REML objective can be writ-
ten as

𝑙REML(Δ) = 𝑙MLE(Δ) − 1
2 log |

𝑚
∑
𝑖=1

𝑋⊤𝑖 (𝑆𝑖 + Δ)−1𝑋𝑖| . (6)

The estimation proceeds iteratively: 𝛽 is updated using general-
ized least squares, andΔ is then re-estimated in the orthogonal sub-
space until convergence. Compared with conventional maximum
likelihood estimation, this strategy provides more stable hetero-
geneity estimates for distributed educational data characterized by
dependence, multicollinearity, and cross-cohort variation.

Overall, the proposed framework provides a concise analytical
strategy for identifying threshold effects, lag effects, and cohort
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heterogeneity in online learning engagement, while supporting ev-
idence integration under privacy constraints for instructional man-
agement in informatized education.

4 Experiments and Analysis
This section evaluates how useful the proposed framework is for
supporting data-driven instructional management in distributed
and heterogeneous educational settings. The empirical evaluation
proceeds through two complementary stages. In the first stage,
a controlled simulation is conducted to assess parameter recov-
ery under fragmented data conditions and to benchmark the pro-
posed framework against conventional pooling approaches. In the
second stage, a proof-of-concept empirical study is conducted to
examine whether the framework can reliably identify threshold
effects, temporal lag structures, and between-cohort heterogene-
ity in real-world blended learning data. The simulation is specifi-
cally designed to evaluate the statistical robustness of distributed
summary-statistics aggregation under controlled fragmentation con-
ditions, with its scope bounded to internal statistical validation
rather than extending to the full institutional complexity charac-
teristic of authentic educational environments.

4.1 Experimental Design
The analytical pipeline was implemented using Python 3.8 and R.
Python (Torch 2.4.0, CUDA 12.1) was used for Monte Carlo simu-
lation and data preprocessing, while the dlnm (v2.4.7) and mvmeta
(v1.1.3) packages in R were used for DLNM and MMA estimation.
To reduce space, hardware details are omitted here because they
do not affect the substantive interpretation of the results.

Two datasetswere used. First, for simulation, we generated 100,000
samples from a multidimensional logistic model with four expo-
sure variables and a true parameter vector 𝛽 = [0, 1, 1.2, 2, 2.5]⊤.
The generated data were randomly partitioned into 20 and 100 in-
dependent blocks to simulate distributed educational nodes under
different levels of fragmentation. Second, for empirical evaluation,
we used anonymized behavioral logs from a blended university
course, Database Principles and Applications. The dataset contains
165 learners from four instructional cohorts (data2002, jike2001,
ds2001, and jike1901). Two engagement indicatorswere analyzed:
chapter access frequency and video viewing duration. Final com-
prehensive score was used as the outcome variable.

To evaluate simulation performance, we used the Mahalanobis
distance

𝐷𝑀 = ( ̂𝛽 − 𝛽)⊤Σ−1( ̂𝛽 − 𝛽), (7)

where Σ denotes the covariance matrix of the estimated parame-
ters. Smaller 𝐷𝑀 and lower total standard deviation indicate more
accurate recovery of the true parameter vector.

For the empirical analysis, local estimation used an outcome-
appropriate generalized linear specification with variance adjust-
ment to address cohort-level clustering and potential dispersion in
the observed instructional data. Cross-cohort heterogeneity was
evaluated using Cochran’s 𝑄 and the 𝐼 2 statistic:

𝐼 2 = max (0, 𝑄 − (𝑘 − 1)
𝑄 ) × 100%, (8)

where 𝑘 is the number of instructional nodes. Consistent with con-
ventional practice, substantial heterogeneity is indicatedwhen 𝐼 2 >
50% or 𝑝 < 0.05 [12].

For local DLNM estimation, natural cubic splines were used for
both exposure and lag dimensions, with internal knots placed at
the 10th, 50th, and 90th percentiles. Themaximum lagwindowwas
set to 21 days with log-spaced lag knots. In the global integration
stage, REML was used to estimate the heterogeneity matrix, and
the convergence threshold was set to 1.0 × 10−6.

4.2 Results
4.2.1 Simulation Results. Table 1 compares the proposed MMA-
based aggregation with simple averaging under two fragmenta-
tion settings. Across both conditions, MMA consistently produced
smaller Mahalanobis distances and substantially lower total stan-
dard deviations, indicating more stable recovery of the true param-
eter vector.

The results suggest that MMA provides more robust parameter
integration than naive pooling in distributed learning data. How-
ever, performance deteriorates as fragmentation becomes more ex-
treme: when the number of blocks increases from 20 to 100, the
Mahalanobis distance rises under both strategies. This finding in-
dicates that under privacy constraints distributed analysis also in-
volves a practical trade-off: excessive fragmentation may reduce
local sample support and weaken estimation precision. For instruc-
tional analytics, this implies that distributed evidence integration
should balance privacy constraintswith sufficient cohort-level data
quality.

4.2.2 Empirical Results. We next applied the framework to the
real blended learning dataset. Local estimationwas conductedwithin
the generalized linear specification described above to account for
clustering and overdispersion inherent in instructional count and
duration data. Table 2 summarizes the descriptive characteristics
and cohort-level heterogeneity statistics for both engagement in-
dicators.

Chapter access frequency. The cross-basis coefficients for chap-
ter access frequencywere statistically significant at the cohort level
(𝑄 = 98.72, 𝑑𝑓 = 36, 𝑝 < 0.001), and the proportion of total vari-
ance attributable to between-cohort heterogeneity was substantial
(𝐼 2 = 63.5%). This magnitude of heterogeneity indicates that the
engagement–performance relationship is not stable across instruc-
tional contexts: cohorts differ markedly in the degree to which
chapter access translates intomeasurable learning gains. Such vari-
ation is plausibly attributable to differences in pedagogical design,
baseline learner preparation, and class-level interaction norms that
mediate the conversion of reading behavior into academic output.
From a methodological standpoint, this result directly motivates
the distributed integration strategy adopted in the present frame-
work. A naive pooled estimatorwould conflate structurally distinct
cohort effects, producing a composite that misrepresents the true
engagement dynamics within any individual cohort and affords a
limited basis for cohort-sensitive instructional governance.

Video viewing duration. For video viewing duration, cohort-level
effects were similarly significant (𝑄 = 103.27, 𝑑𝑓 = 45, 𝑝 < 0.001;
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Table 1: Simulation Results under Different Data Partition Settings

Partition 𝐷𝑀 (MMA) 𝐷𝑀 (Simple Avg.) Total SD (MMA) Total SD (Simple Avg.)

20 blocks 1.9842 2.1608 1.06E-01 4.31E-01
100 blocks 2.7026 3.0493 1.00E-01 9.80E-01

Table 2: Empirical Summary of Engagement Indicators and Heterogeneity

Indicator Descriptive statistics Heterogeneity statistics

Chapter access frequency 𝑁 = 165, Min = 73, Max = 477, Mean = 203, SD = 60 𝑄 = 98.7166, 𝑑𝑓 = 36, 𝑝 < 0.001,
𝐼 2 = 63.5%

Video viewing duration 𝑁 = 165, Min = 48.1, Max = 1027.8, Mean = 595.5, SD = 159.5 𝑄 = 103.2740, 𝑑𝑓 = 45, 𝑝 < 0.001,
𝐼 2 = 56.4%

𝐼 2 = 56.4%), confirming that the engagement–performance associ-
ation for video-based activities is likewise heterogeneous across in-
structional groups. Beyond the heterogeneity diagnostic, the aggre-
gated exposure–response curve presented in Fig. 3 reveals a struc-
turally important non-linearity: academic performance increases
with cumulative video engagement over the initial range of expo-
sure but declines beyond an intermediate threshold, yielding an
inverted-U profile. This pattern is theoretically coherent with cog-
nitive load theory [25], which posits that working memory capac-
ity is finite and that sustained high-intensity processing eventually
impairs rather than facilitates learning. The empirical result, there-
fore, cautions against treating cumulative viewing time as a mono-
tonically beneficial indicator; sustained exposure beyond a critical
threshold may be associated with attentional fatigue, reduced elab-
orative processing, or disengagement from active learning strate-
gies.

For instructional management, the combined curve also sup-
ports a practical interpretation in three zones. Operationally, this
tri-zone interpretation supports three immediate management ac-
tions: reinforcing participation in under-engagement cohorts, main-
taining learners within the effective-dosage range through shorter
and segmented video design, and triggering review prompts or
temporary interruption mechanisms when cohort-specific expo-
sure trajectories approach the overload-risk region. The low-exposure
region can be read as an under-engagement zone, in which ad-
ditional guided participation is likely to be beneficial. The mid-
dle range represents an effective dosage zone, in which engage-
ment is associatedwith the strongest positive learning returns. The
high-exposure tail represents a possible overload-risk zone, where
longer periods of continuous viewing result in diminishing or even
negative returns. This interpretation suggests thatmanagers should
favor shorter video segments, threshold-triggered reminders, and
distributed learning schedules rather than treating longer viewing
time as an unconditional indicator of better learning. Because the
empirical sample does not support stable estimation of a univer-
sal cutoff applicable to all contexts, the present study interprets
the threshold qualitatively rather than prescribing a single fixed
benchmark.

Taken together, the empirical results support a bounded con-
clusion. First, online learning engagement is heterogeneous across

Figure 3: Estimated engagement–performance relationship
for video viewing duration in the proposed analytical
pipeline. The solid curve with a shaded confidence band
represents the globally combined effect obtained by aggre-
gating cohort-level cross-basis estimates; dashed curves cor-
respond to cohort-specific local estimates. The combined
curve exhibits a non-linear inverted-U profile, indicating a
threshold effectwhereby performance gains associatedwith
increased video engagement diminish and ultimately re-
verse beyond an intermediate exposure level. Cross-cohort
variation in the local curves further illustrates the hetero-
geneity that motivates cohort-sensitive analysis.

instructional cohorts, which justifies distributed evidence integra-
tion rather than direct pooling. Second, the relationship between
engagement and performance is dynamic rather than linear, espe-
cially for video-based learning behaviors. Third, these findings can
be translated into an actionable management logic: instructional
governance should distinguish insufficient engagement, effective
engagement, and overload-risk rather than maximize exposure in-
discriminately.

4.3 Limitations
This study has three main limitations. First, the current framework
relies primarily on explicit behavioral logs, such as access frequency
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and viewing duration. Although these indicators are useful proxies
for engagement, they do not directly capture deeper cognitive and
affective processes. Future research may incorporate multimodal
signals, such as eye-tracking, physiological data, or semantic fea-
tures extracted from discussion texts, to improve the representa-
tion of learning processes [17].

Second, the proposed framework aims to identify strong non-
linear and lagged relationships, but it does not define definitive
causal effects. Learning performance is shaped by multiple inter-
acting factors, including prior knowledge, motivation, and instruc-
tional support. Therefore, future work could integrate causal infer-
ence tools, such as directed acyclic graphs or causal representation
learning, to strengthen the interpretability of intervention recom-
mendations [27].

Third, the empirical evidence is drawn from a single blended
university course with four instructional cohorts. This design ade-
quately illustrates threshold, lag, and heterogeneity patterns; how-
ever, its generalizability to other educational environments, insti-
tutions, or vocational training contexts requires additional valida-
tion.

5 Discussion
This study challenges the conventional assumption that online learn-
ing engagement linearly predicts academic performance, advanc-
ing data-driven pedagogical governance in technology-enhanced
learning. The empirical findings reveal a significant inverted U-
shaped association between video viewing duration and academic
outcomes. Sustained engagement yields positive returns onlywithin
a specific threshold range; beyond this critical point, excessive ex-
posure induces cognitive overload and diminishes learning effi-
ciency, consistent with Cognitive Load Theory [25]. The substan-
tial heterogeneity observed across teaching cohorts indicates that
engagement patterns are jointly shaped by baseline academic pre-
paredness, instructional intervention intensity, and classroom dy-
namics rather than individual behaviors alone.

These findings establish threshold, lag, and heterogeneity as
foundational prerequisites for informed governance in technology-
enhanced instruction, notmerely technical data characteristics. The
inverted U-shaped effect supports a “tri-zone interpretive frame-
work” delineating learning behaviors into under-engagement, ef-
fective dosage, and overload risk zones. This necessitates a par-
adigm shift from descriptive monitoring of “maximizing learner
activity” toward decision-oriented governance of “maintaining en-
gagement within the effective zone.” The framework’s core contri-
bution lies in exposing the limitations of immediate outcome eval-
uation. Given the temporal delay in translating engagement into
performance gains, instructional administrators must allocate ade-
quate follow-up observation windows when assessing knowledge
consolidation interventions, avoiding premature dismissal due to
absent short-term effects.

Methodologically, this study demonstrates the necessity and fea-
sibility of distributed pedagogical analytics under privacy-preserving
constraints. The heterogeneity indices—𝐼 2 = 63.5% for chapter
access frequency and 𝐼 2 = 56.4% for video viewing duration—
reveal a critical concern: centralized data pooling risks obscuring

genuine population heterogeneity. Under such pronounced hetero-
geneity, global static models fail to capture local regularities and
may precipitate Simpson’s paradox [21]. The DLNM-MMA frame-
work preserves local variance structures while protecting raw data
privacy. Simulation experiments corroborate that this distributed
evidence synthesis approach yields reducedMahalanobis distances
and lower estimation variance, establishing a robust pathway for
cross-cohort pedagogical analysis.

Practically, these results call for “threshold-aware” and “cohort-
sensitive” precision intervention mechanisms. Platform-level mon-
itoring should move beyond activity counts toward dynamic iden-
tification of whether sustained engagement approaches the criti-
cal inflection point where efficiency reverses. The observed pat-
terns reveal that concentrated last-minute engagement fails to fa-
cilitate sustained knowledge internalization; instructional design-
ers should decomposemacro-level objectives into distributedmicro-
learning units, steering behaviors from “post-hoc outcome track-
ing” toward “process-oriented rhythmic regulation.” Given inher-
ent cohort differences, standardized protocols demonstrate limited
effectiveness; intervention timing and intensity require adaptive
calibration according to local instructional conditions.

While the empirical evidence derives from hybrid university
courses, the governance principles possess significant extensibil-
ity to e-commerce education and digital vocational training. In e-
commerce education settings—such as live-streaming commerce,
digital marketing, and platform operation training—learning pro-
cesses are characterized by significant task orientation, platform
dependency, and performance sensitivity. High-frequency repeti-
tive learning and rapid skill conversion render threshold effects,
return lags, and prior experience heterogeneity particularly conse-
quential for managerial decision-making. Excessive continuous in-
struction may attenuate training transfer rates, while learner back-
ground variation necessitates differentiated pacing. This study fur-
nishes analytical tools for hybrid learning behavior analysis and
provides a generalizable pedagogical governance template for e-
commerce settings requiring cross-cohort evidence integrationwith-
out centralizing raw data. Nevertheless, the current empirical com-
ponent constitutes a proof-of-concept demonstration; generalizabil-
ity of these pedagogical governance implications awaits validation
across larger-scale, more diversified educational and vocational train-
ing environments.

6 Conclusion
This study proposes a distributed analytical framework integrat-
ing Distributed Lag Non-linear Modeling (DLNM) with Multivari-
ate Meta-Analysis (MMA) for data-driven instructional manage-
ment under privacy constraints. Through Monte Carlo simulation
and empirical analysis of blended learning logs from 165 students
across four instructional cohorts, the framework demonstrates ef-
fectiveness inmodeling nonlinear, lagged, and heterogeneous engagement-
performance relationships without centralizing raw data. The re-
sults provide three significant contributions: first, online learning
engagement demonstrates threshold effects and temporal dynam-
ics instead of straightforward monotonic returns; second, consid-
erable cohort heterogeneity represents a critical analytical factor
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rather than a mere statistical inconvenience; and third, privacy-
preserving evidence integration facilitates comprehensive instruc-
tional analysis when data pooling is not possible. This study reposi-
tions instructional analytics from outcome prediction toward the
identification of governance-relevant regularities, generating ac-
tionable evidence for threshold-aware, cohort-sensitive, and privacy-
conscious pedagogical intervention in technology-enhanced learn-
ing environments.
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