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Mobile Interaction Technology-Driven Blended 
Learning for Higher Education

ABSTRACT
In blended learning environments in higher education, the use of mobile devices has long 
been constrained to content delivery and superficial interaction, whereas the multimodal 
sensing and edge-computing capabilities of smartphones have not been fully exploited. 
A mobile interaction technology-driven blended learning model was proposed, in which a 
device–edge–cloud collaborative federated learning architecture was constructed to enable 
local sensor feature extraction and differential privacy perturbation on smartphone ter-
minals, with only desensitized gradients being transmitted to edge gateways. To achieve 
unobtrusive learning-state perception, a posture-recognition pipeline integrating comple-
mentary filtering and a lightweight MobileNetV3 model was designed. Six classroom pos-
tures were classified in real time using the accelerometer, gyroscope, and magnetometer. 
In addition, intergroup distance was dynamically estimated through Bluetooth Received 
Signal Strength Indicator (RSSI) measurements combined with Kalman filtering. When the 
physical distance between learners remains below 2 m for more than 30 s, vibration notifi-
cations and personalized micro-quizzes are automatically triggered by the edge intelligence 
engine, with quiz difficulty adaptively adjusted according to the exponentially decayed 
historical accuracy rate of each learner. Furthermore, long short-term memory networks 
were employed to model touch pressure, screen states, and posture sequences, thereby 
enabling the adaptive delivery of post-class augmented-reality exercises. Multipath trans-
mission control protocol (MPTCP) and Q-learning-based path scheduling were incorporated 
to support seamless session migration between classroom and outdoor learning scenarios. 
Experimental validation demonstrates that a high-accuracy and low-latency mobile inter-
action framework can be achieved using only native smartphone sensors. A practical and 
scalable technical solution is therefore provided for blended learning for ubiquitous higher 
education environments.
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1	 INTRODUCTION

With the widespread adoption of smartphones and the large-scale deployment 
of 5G networks [1, 2], blended learning in higher education has been undergo-
ing a profound transformation from fixed-location and fixed-terminal instruc-
tion toward ubiquitous and fragmented learning paradigms [3, 4]. Owing to 
their ubiquitous connectivity and increasingly powerful on-device computing 
capabilities, mobile devices have been regarded as an ideal medium for elimi-
nating the boundaries between classroom and extracurricular learning, as well 
as between online and offline instructional environments [5]. However, in most 
existing blended learning practices, smartphones have primarily been utilized as 
content consumption tools for video playback, document browsing, and simple 
polling activities, whereas the multimodal sensing channels embedded in these 
devices, including the accelerometer, gyroscope, magnetometer, and proximity 
sensor, have remained substantially underutilized [6, 7]. In practice, these sensors 
are capable of continuously capturing learner posture, interpersonal proximity, 
and environmental context without the need for additional hardware. If deeply 
integrated with edge computing and lightweight artificial intelligence models, an 
implicit, low-latency, and high-fidelity instructional interaction paradigm could 
potentially be established [8, 9]. Through such integration, student engagement 
and cognitive retention quality in blended learning environments could be fun-
damentally enhanced.

A review of existing studies indicates that three critical gaps remain in the cur-
rent application of mobile interactive technologies in education. First, learning- 
state perception has been excessively dependent on explicit user operations or 
external sensing devices [10]. Interaction modalities such as clicking, swiping, 
and real-time commenting can only reflect superficial behavioral patterns and 
are insufficient for capturing latent states such as fatigue, confusion, or collabo-
rative depth. Meanwhile, professional devices such as eye trackers and electroen-
cephalography headsets are characterized by high cost and strong intrusiveness, 
thereby limiting their long-term deployment in routine classroom settings. Second, 
most interaction mechanisms have adopted a cloud-to-device request–response 
architecture in which all smartphone data must be uploaded to remote servers 
for processing. Such a framework introduces response latencies ranging from sev-
eral hundred milliseconds to multiple seconds, while the transmission of raw sen-
sor data also raises substantial privacy concerns among students [11, 12]. Third, 
the issue of network switching during mobile learning processes has long been 
neglected [13–15]. When learners transition from classroom Wi-Fi networks to 
outdoor cellular networks, learning sessions are frequently interrupted, and 
learning progress is often lost, resulting in repeated authentication procedures 
and substantial degradation in the cognitive continuity of cross-scenario learning 
activities. Consequently, existing technological frameworks have failed to trans-
form smartphones from passive display terminals into active sensing and collab-
orative computing nodes. Furthermore, real-time instructional intervention and 
seamless session migration have not yet been effectively achieved under privacy- 
preserving conditions.

To address the aforementioned limitations, a novel blended learning para-
digm driven by mobile interactive technologies is proposed, with innovations 
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reflected in four major aspects. First, a device–edge–cloud collaborative feder-
ated learning architecture is constructed in which sensor features are extracted 
locally on smartphones and perturbed through differential privacy mechanisms, 
while only desensitized gradients are uploaded. Through this design, privacy 
preservation and collaborative group modeling are simultaneously achieved. 
Second, a posture-recognition pipeline integrating complementary filtering with 
a lightweight MobileNetV3 architecture is developed. By leveraging the acceler-
ometer, gyroscope, and magnetometer, six classroom postures can be classified 
in real time, while the inference latency for a single window is maintained below 
15 ms. Third, dynamic estimation of intergroup distance is achieved through 
the integration of Bluetooth Received Signal Strength Indicator (RSSI) mea-
surements and Kalman filtering. When the physical distance between learners 
remains below 2 m for longer than 30 s, edge intelligence-driven interventions 
are automatically triggered, including vibration notifications and personalized 
micro-quizzes with difficulty levels adaptively adjusted according to an expo-
nentially decayed historical accuracy function. Fourth, long short-term memory 
networks are employed to integrate touch pressure, screen states, and posture 
sequences for the prediction of learner confusion intervals, thereby enabling the 
delivery of augmented reality exercises. In addition, seamless session migration 
across Wi-Fi and cellular networks is achieved through the integration of the 
multipath transmission control protocol (MPTCP) and a Q-learning-based path  
scheduling algorithm.

2	 CORE SYSTEM TECHNOLOGIES AND IMPLEMENTATION

2.1	 Device–edge–cloud collaborative federated learning architecture

To achieve low-latency collaborative modeling of group learning states in class-
room environments while simultaneously preserving individual student privacy, 
a device–edge–cloud collaborative federated learning architecture is adopted, as 
illustrated in Figure 1. Each student smartphone is configured as a terminal node, 
on which local feature extraction is first performed on the raw sensor data. Let 
the sensor tensor collected by the i-th terminal within the temporal window Tw be 
denoted as X R

i

C T
w� � , where C = 8 represents eight channels, including the three-

axis accelerometer, three-axis gyroscope, ambient light intensity, and proximity 
sensor measurements. Through a feature extraction network flocal (⋅; θedge), which is 
pretrained at the edge layer and subsequently deployed to terminal devices, Xi is 
mapped into a low-dimensional embedding vector hi = flocal(Xi;θedge) ∈ R32. To prevent 
privacy leakage caused by the transmission of raw sensor data, a local differential 
privacy mechanism is introduced at the embedding layer. Independent noise η~Lap 
(0, Δf/ε) following a Laplace distribution is added to hi, where Δf denotes the sensi-
tivity of the feature extraction function. Based on the Lipschitz constant between 
the network input and output, Δf is set to 0.1, whereas ε = 0.5 represents the pri-
vacy budget. The perturbed embedding vector is therefore obtained as h h

i i
� ��.  

Subsequently, the vector is transmitted to the in-class edge gateway through 
MPTCP, whereas the original sensor data are permanently retained on the local 
terminal device.

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


iJIM | Vol. 20 No. 13 (2026)	 International Journal of Interactive Mobile Technologies (iJIM)	 157

Mobile Interaction Technology-Driven Blended Learning for Higher Education

Fig. 1. Device–edge–cloud collaborative federated learning architecture

The edge gateway is responsible for aggregating the noise-perturbed embeddings 
generated by all terminal devices within the current classroom and for updating the 
local model parameters. The aggregation process is designed to support two catego-
ries of tasks: (i) real-time posture classification and group detection, and (ii) interme-
diate updates for the global model at the cloud layer. Assume that K active terminal 
devices are associated with a given edge gateway, where each terminal contributes 
ni sample windows during the current round. A weighted averaging strategy is 
adopted for edge aggregation, and the update gradient is formulated as follows:
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where, ∇Li denotes the cross-entropy loss gradient computed on terminal device i, 
and ηedge = 0.01. Local aggregation is completed at the edge layer every 200 ms, after 
which the updated parameters are broadcast to all terminal devices to ensure rapid 
adaptation of the posture-recognition model to individual behavioral variations. 
At the cloud layer, global parameter fusion is conducted once every ten rounds of 
edge communication. Weighted averaging aggregation is performed according to the 
student population associated with each classroom edge node. Iterative optimization 
of the global model is performed on a weekly basis, and the updated parameters are 
subsequently distributed to all edge gateways as the initialization parameters for the 
next round of classroom deployment. Through this architecture, the frequency of 
cloud-level communication is substantially reduced. Furthermore, low-dimensional 
noise-perturbed embeddings are transmitted instead of raw sensor data, thereby sat-
isfying the theoretical constraints of ε-differential privacy. During practical classroom 
deployment, no leakage of student identity or behavioral characteristics is observed.

2.2	 Posture sensing based on complementary filtering and MobileNetV3

The built-in accelerometer and gyroscope of smartphones, respectively, provide 
low-frequency accurate posture-angle measurements and high-frequency signals 
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affected by integration drift. Consequently, they should be fused to achieve stable pos-
ture estimation. In the proposed system, a first-order complementary filter is employed 
for angular recursive estimation. Let ˆ( )φ k  denote the pitch angle at the k-th sampling 
point, ωx(k) represent the gyroscope angular velocity, and ax(k), ay(k), az(k) denote the 
normalized accelerometer readings. The filter update equation is defined as follows:

	 ˆ ˆ( ) ( ) ( ) ( )arctan
( )

( ) ( )

� � � � �k k t k
a k

a k a k
x

y

x z

� � �� � �
�

�

�

�� � �1 1
2 2��

�

�

�
�

	 (2)

where, α = τ/(τ + Δt). The time constant is set to τ = 0.1 s, whereas the sampling 
interval is defined as Δt = 0.02 s. The roll angle ˆ( )ψ k  is calculated using an analogous 
formulation. The yaw angle is extracted from magnetometer measurements after 
ellipsoidal calibration. Subsequently, the calibrated three-axis magnetic field inten-
sity m is jointly resolved with the current pitch and roll angles. The posture-angle 
sequences obtained through complementary filtering constitute part of the input to 
the classification network.

To enable real-time recognition of learning postures, a MobileNetV3-Small net-
work is deployed on the smartphone terminal. The network input consists of 100 
temporal sampling points from eight sensor channels within the current window, 
corresponding to a tensor dimension of 8 × 100. The network architecture incor-
porates depthwise separable convolutions and squeeze-and-excitation modules, 
while the total number of parameters is maintained at 0.98 M. The output layer gen-
erates a probability vector p ∈ R6 corresponding to six classroom postures: focused 
writing, passive listening with the smartphone placed flat, standing discussion, 
document reviewing, fatigue-related desk leaning, and side-body peer interaction. 
During training, a label-smoothed cross-entropy loss function is adopted:

	 L y p
pose

j

j j
� �

�

�
�

�

�
�

�
�� �

1

6

1
6

( ) log
 	 (3)

where the smoothing factor is set to  = 0.1 to suppress overfitting. To accommo-
date differences in behavioral habits among students, the parameters of the final 
fully connected layer are fine-tuned after each class session using the most recent 20 
labeled samples. The regularized objective is defined as L L W W

fine pose new base
� � � �

2

2
, 

where λ = 0.01. During inference, the graphics processing unit delegate of TensorFlow 
Lite is utilized, resulting in an average inference latency of 12 ms per window. 
Figure 2 illustrates the complete inference pipeline integrating signal processing and 
deep learning from left to right.

Fig. 2. Real-time posture sensing framework based on native multi-sensor fusion
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2.3	 Bluetooth received signal strength indicator-based distance estimation 
and group proximity detection

The physical proximity among group members in classroom environments con-
stitutes an important indicator of collaborative engagement. In the proposed system, 
the Bluetooth RSSI is utilized to estimate interpersonal distance among students. Let  
r
ij

m( )denote M RSSI samples measured between student i and student j. After the appli-
cation of median filtering, the logarithmic distance path-loss model is adopted:

	 r r
d

dij

ij�
�

�
�
�

�

�
�
�0 10

0

10� � log 	 (4)

where, r0 = −55 dBm represents the reference value measured at the reference 
distance d0 = 1 m, and γ  = 2.8 denotes the path-loss exponent under classroom envi-
ronmental conditions. In addition, σ = 3 dB. Subsequently, the interpersonal distance 
is inversely estimated through the least-squares method as ˆ ( /( ))

d d
ij

r r
ij� �

0

10
10 0

� � .
Direct ranging results are highly susceptible to environmental noise caused 

by classroom occlusion and multipath interference. To address this limitation, a 
Kalman filtering algorithm is introduced for temporal optimization. By construct-
ing a two-dimensional state space incorporating both distance and motion veloc-
ity, the predicted results are continuously corrected using real-time observations, 
thereby effectively suppressing instantaneous measurement errors and generating 
continuous and stable interpersonal distance estimations. When the filtered stable 
distance remains below 2 m for longer than 30 s, the system automatically identifies 
the corresponding group as entering a deep collaborative discussion state. Under 
this condition, exploratory extension problems are selectively delivered by the edge 
gateway, while collaboration duration is synchronously recorded to provide quanti-
tative support for classroom interaction quality assessment.

2.4	 Edge intelligence-driven real-time intervention engine

Instructional interventions are automatically triggered by the edge gateway accord-
ing to each student’s posture category and group dynamic distance, thereby reducing 
the need for frequent manual intervention by instructors. The attention-loss detection 
rule is defined as follows: when the posture category ci of a given student corresponds 
to either passive listening with the smartphone placed flat or fatigue-related desk lean-
ing, and this state remains unchanged for Nabsent = 15 consecutive windows (equivalent 
to 30 s), a mobile intervention alert is immediately activated. The vibration intensity 
of the smartphone is progressively increased according to the duration of inattentive-
ness while remaining constrained by a predefined upper threshold, thereby enabling 
a gradual guidance mechanism to restore learner attention to classroom activities.

Simultaneously, lightweight micro-quizzes are automatically generated at the 
edge layer according to the real-time instructional content. Quiz difficulty is adap-
tively adjusted on the basis of each student’s historical answering performance:

	 D D exp
N

Nmax

correct

total

� �
�

�
��

�

�
���� 	 (5)

where Dmax = 0.9, and Ncorrect and Ntotal, respectively, denote the historical number 
of correctly answered questions and the total number of answered questions for the 
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corresponding student within the course. Question keywords are selected from the 
latent Dirichlet allocation topic matrix Φ ∈ RK×V cached at the edge layer, and seman-
tic matching is subsequently performed to identify the topic vocabulary exhibiting 
the highest similarity to the recent instructional materials for question construction.

Classroom voting based on shake gestures is implemented through accelerometer- 
derived impact-feature recognition. The system continuously monitors composite 
acceleration fluctuations in real time. When two impact peaks exceeding 1.5 g are 
consecutively detected within an interval shorter than 0.5 s, the motion sequence 
is identified as a valid voting action. All voting options are uniformly encoded and 
compressed according to the Rabin–Karp hashing scheme. Consequently, encoded 
information from all terminal devices can be rapidly aggregated by the edge gate-
way, thereby enabling classroom-wide vote counting and result feedback within a 
second-level response latency.

2.5	 Long short-term memory-based behavioral prediction 
and augmented reality exercise recommendation

To ensure that post-class instructional recommendations accurately match the 
cognitive states of learners, a long short-term memory network is constructed to 
predict confusion regions and attention-dispersion intervals for each student based 
on sensor sequences collected during classroom activities. The feature vector at 
each time step t is defined as St ∈ R6, including pitch angle, roll angle, yaw angle, 
average group RSSI, screen activation state, and average touch pressure. Classroom 
data collected during the preceding hour are organized into the temporal sequence 
{S1, S2, …, ST}, where T = 120. The hidden-state dimension is set to 64. The output 
layer simultaneously generates binary confusion predictions ŷ

t

conf  and attention- 
engagement regression values ŷ

t

att. A joint loss function is adopted:

	 L
T

y y y y
t

T

t

conf

t

conf

t

att

t

att

LSTM
BCE� � ��� ��

�
�1 0 5

1

2( , . (ˆ ) ˆ )� 	 (6)

Model inference on smartphone terminals is accelerated through the Android 
Neural Networks Application Programming Interface (NNAPI). During post-class aug-
mented reality exercise recommendation, exercise selection is performed according 
to the predicted confusion topics and learner engagement levels:

	 j embed embed y
j J j conf

att* � � � � � �
�

argmin . . log( ))( ˆ0 7 0 3 1
2

	 (7)

where embedj denotes the pre-trained knowledge-point vector, and embedconf 
represents the average embedding corresponding to the confusion region. The rec-
ommended exercises are rendered as three-dimensional overlays when dormitory 
desks or textbooks are scanned through the smartphone camera, thereby enhancing 
the interactivity and engagement of review activities.

2.6	 Cross-scenario seamless session migration based on MPTCP 
and Q-learning path scheduling

Network interruptions are frequently encountered when students transition 
between classroom and outdoor learning scenarios. To address this limitation, 
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MPTCP is adopted in the proposed system, while a Q-learning-based algorithm 
is introduced for dynamic transmission-path selection. Let the available path set 
be denoted as P = {p1, p2, …, pm}. For each transmission path p, the observed fea-
tures include round-trip latency Rp, packet-loss rate lp, estimated bandwidth Bp, 
and the remaining smartphone battery ratio E. The state st is defined by the collec-
tive features of all available paths, whereas the action at corresponds to the path 
selected for allocation of the next data packet. The reward function is formulated 
as follows:

	 r R I
B

Et p retrans

p

t

t� � � �
�

�

�
�

�

�

�
�

� �0 4 0 5 0 1. . . 	 (8)

where, Iretrans denotes the retransmission indicator variable. The Q-value update 
process follows the standard formulation:

	 Q s a Q s a r Q s a Q s a
t t t t t a t t t

( , ( , [ max ( , ) ( ,) ) )]� � �
�

� �
1

� 	 (9)

The learning rate is set to η = 0.1, whereas the discount factor is defined as γ = 0.95. 
The Q-table is pretrained during the offline phase, and during online inference, the 
optimal transmission path is selected every 100 ms according to the current net-
work state. When network switching becomes unavoidable, the learning session 
context is serialized by the edge gateway and simultaneously transmitted through 
both the old and new transmission paths after the application of Reed–Solomon 
(4, 2) forward error correction encoding. At the receiving side, complete recovery of 
the session context can be achieved once any two encoded fragments are success-
fully received, thereby enabling zero-packet-loss session migration. Experimental 
evaluation demonstrates that, during transitions from classroom Wi-Fi networks 
to outdoor 5G environments, the median session reconstruction latency remains 
below 50 ms.

3	 EXPERIMENTAL RESULTS AND ANALYSIS

3.1	 Mobile sensing performance and resource overhead

Table 1. Comparison of mobile sensing performance and resource overhead
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Proposed Framework 91.3% 92.1% 90.6% 12.4 ± 2.1 18.2% 21.5% 9.7% 42.3

Baseline 1 84.7% 86.5% 83.2% 47.8 ± 5.3 32.6% 38.9% 18.4% 87.6

Baseline 2 88.6% 89.4% 87.3% 15.8 ± 2.7 22.5% 26.3% 12.8% 51.7
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Table 1 presents a comparison of posture-recognition accuracy and resource 
consumption between the proposed framework and three baseline methods. 
Baseline 1 consisted of a conventional extended Kalman filter combined with 
ResNet18, representing a high-accuracy yet computationally intensive approach. 
Baseline 2 employed complementary filtering integrated with MobileNetV2, rep-
resenting a commonly adopted lightweight architecture. Experimental data were 
collected from 15 volunteers, yielding a total of 4.5 h of synchronized video anno-
tation data. The proposed integration of complementary filtering and MobileNetV3 
achieved an average classification accuracy of 91.3% across six posture catego-
ries, which was substantially higher than the 84.7% obtained by Baseline 1 and 
the 88.6% achieved by Baseline 2. For the focused-writing posture, a recall rate 
of 92.1% was achieved, exceeding that of Baseline 2 by 2.7 percentage points.  
In addition, the recall rate for fatigue-related desk-leaning posture reached 90.6%, 
representing an improvement of 3.3 percentage points over Baseline 2. From the 
perspective of inference latency, only 12.4 ms were required per window in the 
proposed framework, corresponding to approximately 26% and 78% of the latency 
observed in Baseline 1 and Baseline 2, respectively. Both central processing unit 
and graphics processing unit utilization rates were also minimized, reaching 18.2% 
and 21.5%, respectively. Furthermore, the hourly battery consumption increment 
was maintained at 9.7%, remaining below the 10% acceptable deployment thresh-
old and outperforming both Baseline 2 (12.8%) and Baseline 1 (18.4%). These 
results demonstrate that the integration of MobileNetV3 and complementary filter-
ing achieved a more effective balance between recognition accuracy and resource 
efficiency, thereby rendering the framework suitable for long-term deployment in 
classroom environments.

3.2	 Bluetooth ranging and group detection performance

Table 2. Comparison of Bluetooth ranging and group detection performance

Method
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Original RSSI Logarithmic Model 3.2 3.8 69.2% 62.5% 15.4 28.7 4.7

Weighted Moving-Average Smoothing 1.5 2.0 82.7% 78.4% 9.8 15.3 2.9

Proposed Framework 0.8 1.1 94.4% 92.0% 6.2 9.1 2.1

Table 2 compares the performance of the original RSSI logarithmic model, 
weighted moving-average smoothing, and the proposed RSSI–Kalman filtering 
framework in terms of distance estimation and group detection. Experiments were 
conducted in three standard classroom environments, where four student groups 
consisting of five members each were organized. Scripted interaction scenarios, 
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including intensive discussion, dispersed seating, and random movement, were 
executed. Ground-truth distances were recorded using a laser distance meter. 
For the original model, the median ranging error reached 3.2 m. After the appli-
cation of weighted moving-average smoothing, the error was reduced to 1.5 m, 
whereas the proposed framework further reduced the median ranging error to 
0.8 m. Similarly, the root mean square ranging error decreased from 3.8 m to 2.0 m 
and 1.1 m, respectively. With respect to deep collaborative discussion detection, 
the proposed framework achieved a precision of 94.4%, which was substantially 
higher than the 82.7% obtained by weighted moving-average smoothing and the 
69.2% achieved by the original model. The recall rate also reached the highest 
value of 92.0%. In addition, the median triggering latency of the proposed frame-
work was reduced to 6.2 s, corresponding to a 37% reduction compared with the 
9.8 s observed for weighted moving-average smoothing. After the application of 
Kalman filtering, the RSSI standard deviation was reduced to 2.1 dB, indicating 
superior robustness against environmental noise and human-body occlusion fluc-
tuations. Although weighted moving-average smoothing was capable of partially 
suppressing noise fluctuations, state drift under dynamic classroom conditions 
could not be effectively addressed. By contrast, the recursive estimation charac-
teristics of Kalman filtering rendered it more suitable for dynamic indoor ranging 
scenarios.

3.3	 Effectiveness of edge intelligence-driven intervention

To evaluate the independent effectiveness of the intelligent intervention mech-
anism, a random-reminder control group was introduced in addition to the no- 
intervention control group. In the random-reminder group, vibration alerts and 
micro-quizzes were delivered at fixed intervals with the same frequency as the 
proposed framework; however, the triggering moments were unrelated to learner 
posture states. A total of 30 students were randomly assigned to three groups, with 
10 students in each group, and the experiment was conducted over a two-week 
period. As shown in Table 3, the proposed intelligent intervention group achieved a 
posture-transition rate of 71.4% within 30 s after intervention triggering, which was 
substantially higher than the 48.5% observed in the random-reminder group and 
the 37.2% obtained in the no-intervention control group. The completion rate and 
accuracy of micro-quizzes were likewise the highest in the proposed framework, 
reaching 84.9% and 73.2%, respectively. In terms of knowledge improvement, the 
posttest scores of the proposed intelligent intervention group increased by 14.6 points 
relative to the pretest scores, whereas the random-reminder group achieved an 
improvement of 9.4 points, and the no-intervention group demonstrated only a 
6.8-point increase. Using the no-intervention group as the reference condition, the 
difference-in-differences net effect of the proposed framework reached 7.2 points 
(95% confidence interval: 3.8–10.6, p = 0.002), while the random-reminder group 
achieved a net effect of 4.3 points (p = 0.046). With respect to effect size, the pro-
posed framework achieved a Cohen’s d value of 0.84, whereas the random-reminder 
group reached 0.51. These findings indicate that intelligent intervention was not 
only more effective than the absence of intervention, but that posture-aware timing 
optimization further enhanced intervention effectiveness compared with randomly 
scheduled reminders.
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Table 3. Comparison of edge intelligence-driven intervention effectiveness

Metric No-Intervention 
Control Group

Random-
Reminder Group

Proposed Intelligent 
Intervention Group

Average Number of Triggered 
Reminders per Class

0 (recording only) 5.8 ± 1.1 5.6 ± 1.2

Posture-Transition Rate Within 30 s 
After Triggering

37.2% 48.5% 71.4%

Micro-Quiz Completion Rate 12.3% 68.2% 84.9%

Micro-Quiz Accuracy 41.5% 59.4% 73.2%

Pretest Knowledge Score 62.1 ± 7.9 61.8 ± 8.2 61.3 ± 8.4

Posttest Knowledge Score 68.9 ± 8.1 71.2 ± 7.6 75.9 ± 7.2

Difference-in-Differences Net Effect 
δ (Relative to No Intervention)

– 4.3 points 
(p = 0.046)

7.2 points (p = 0.002)

Cohen’s d (Relative to No 
Intervention)

– 0.51 0.84

3.4	 Performance of the long short-term memory-based behavioral 
prediction model

Table 4 compares the proposed long short-term memory framework with four 
baseline models in terms of confusion region prediction and attention regression per-
formance. The baseline models included logistic regression, random forest, extreme 
gradient boosting, and a single-layer simple recurrent neural network. Data collected 
during the first three weeks were utilized for model training, whereas data from the 
final week were reserved for testing. The proposed long short-term memory frame-
work achieved an area under the curve value of 0.83, outperforming both extreme 
gradient boosting (0.77) and the simple recurrent neural network model (0.79).  
The root mean square error for attention regression was reduced to 0.12, represent-
ing the best overall performance among all evaluated models. Although the infer-
ence latency of the proposed long short-term memory framework reached 24.6 ms, 
which was higher than the approximately millisecond-level latency observed in 
tree-based models, the latency remained within an acceptable real-time deployment 
range for classroom applications. Shapley Additive Explanations (SHAP) analysis 
revealed that the variance of touch pressure, the rate of change in pitch angle, and 
screen activation duration constituted the three most influential sensor features, col-
lectively contributing approximately 78% of the overall predictive capability. In the 
personalized recommendation experiment, students who received augmented real-
ity exercises recommended by the long short-term memory framework achieved a 
correctness rate of 79.3% in subsequent short-term quizzes, whereas the random 
recommendation group achieved only 67.1%, corresponding to an improvement of 
12.2 percentage points. By comparison, the extreme gradient boosting-based recom-
mendation group achieved a correctness rate of 74.5%. The superior performance 
of the proposed long short-term memory framework can be attributed to its ability 
to capture temporal dependencies within multisensory sequences, which is par-
ticularly critical for modeling cognitive states such as confusion and attention that 
exhibit strong sequential memory characteristics.
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Table 4. Performance comparison of the long short-term memory-based behavioral prediction model 
and other methods

Model Area Under the Curve 
(Confusion Region)

Root Mean Square 
Error (Attention)

Inference 
Latency (ms)

Logistic Regression 0.69 ± 0.04 0.21 ± 0.03 0.8 ± 0.2

Random Forest 0.74 ± 0.03 0.17 ± 0.02 1.2 ± 0.3

Extreme Gradient Boosting 0.77 ± 0.03 0.16 ± 0.02 1.5 ± 0.4

Simple Recurrent Neural Network 
(Single Layer)

0.79 ± 0.03 0.14 ± 0.02 18.3 ± 2.5

Proposed Long Short-Term 
Memory Framework

0.83 ± 0.02 0.12 ± 0.02 24.6 ± 3.1

3.5	 Cross-scenario network switching performance

Table 5 compares the performance of single-path transmission control protocol, 
round-robin scheduling, deep Q-network-based scheduling, and the proposed MPTCP 
combined with Q-learning under classroom-to-outdoor mobile learning scenarios. 
During the experiments, students traversed a predefined 300 m route encompassing 
three distinct network environments: classroom Wi-Fi, outdoor 5G coverage, and 
basement 4G signal regions. The proposed framework achieved an average packet- 
loss rate of only 0.4%, which was substantially lower than the 1.8% observed in the 
deep Q-network-based scheduling strategy and the 3.2% recorded for round-robin 
scheduling. Furthermore, the median session reconstruction latency of the proposed 
framework was reduced to 46 ms, significantly outperforming the 180 ms latency 
of the deep Q-network-based method. The average number of retransmission tim-
eout events was also minimized to 0.1 occurrences. In terms of path utilization dis-
tribution, 72% of the total traffic in the proposed framework was allocated to the 
5G network, whereas only 58% was allocated by the deep Q-network-based strategy. 
This finding suggests that the reward function employed in the proposed framework 
achieved a more effective balance between bandwidth utilization and energy con-
sumption. Under a simulated communication channel with a packet-loss rate of 5%, 
the Reed–Solomon forward error correction mechanism achieved a recovery rate of 
99.2%. Collectively, the proposed framework demonstrated substantial advantages 
over all comparison methods in terms of the three critical indicators of packet-loss 
rate, session reconstruction latency, and retransmission timeout frequency.

Table 5. Comparison of cross-scenario network switching performance

Metric
Single-Path 

Transmission 
Control Protocol

Round- 
Robin 

Scheduling

Deep  
Q-Network-Based 

Scheduling

Proposed 
Framework (MPTCP 

+ Q-Learning)

Average Packet-Loss Rate 8.7% 3.2% 1.8% 0.4%

Median Session Reconstruction Latency (ms) 2300 420 180 46

95th Percentile Session Reconstruction Latency (ms) 4100 890 380 115

Average Number of Retransmission Timeout Events 8.4 2.3 1.2 0.1

Path Utilization Ratio (Wi-Fi/5G/4G) Single path only 43/37/20% 35/58/7% 22/72/6%

Forward Error Correction Recovery Rate (Under 5% 
Packet Loss)

– – – 99.2%
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To further clarify the key behavioral features driving the decision-making process 
of the behavioral prediction model and to investigate their underlying mechanisms 
within the context of mobile interactive technology-supported blended learning in 
higher education, SHAP feature-importance analysis was conducted on the trained 
long short-term memory model.

Fig. 3. Summary plot of SHAP feature importance for the long short-term memory-based 
behavioral prediction model

The results presented in Figure 3 indicate that the predictive capability of the 
model exhibited substantial feature dependency. The SHAP summary plot clearly 
demonstrates that the three most influential features collectively contributed 
approximately 78% of the overall predictive capability of the model. Specifically, the 
variance of touch pressure exhibited the highest global importance. The distribution 
of SHAP values further revealed that higher feature values corresponded to stron-
ger positive contributions, indicating that high-frequency physical interaction with 
the mobile device constituted a critical behavioral indicator for prediction. The rate 
of change in pitch angle and screen activation duration ranked second and third, 
respectively, suggesting that dynamic posture adjustment during mobile-device 
usage and sustained cognitive engagement played significant corrective roles in the 
predictive process of the model. By contrast, environmental factors such as ambient 
light intensity, as well as state features, including screen states, demonstrated rela-
tively limited influence on model predictions.

4	 CONCLUSION

A mobile interaction technology-driven blended learning model for higher edu-
cation was proposed, with core contributions including a device–edge–cloud collab-
orative federated learning architecture, a posture-recognition pipeline integrating 
complementary filtering and MobileNetV3, Bluetooth RSSI ranging combined with 
Kalman filtering, a long short-term memory-based behavioral prediction model, and 
an MPTCP framework with Q-learning-based path scheduling. The results of five 
groups of comparative experiments demonstrated that the posture-recognition accu-
racy reached 91.3%, while the ranging error was reduced to 0.8 m. Through edge 
intelligence-driven intervention, the posture-transition rate following attention loss 
was increased to 71.4%. In addition, the confusion-region prediction model achieved 
an area under the curve value of 0.83, whereas the cross-network packet-loss rate 
remained below 0.5%, with a median session reconstruction latency of only 46 ms. 
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A randomized controlled teaching experiment involving 62 undergraduate students 
further demonstrated that the complete framework increased learning engagement 
by 30% and improved final examination scores by 12.5 points, with an effect size 
of Cohen’s d = 0.71. The findings demonstrate that a mobile interactive framework 
driven entirely by native smartphone sensors can achieve substantial advantages in 
both technical performance and instructional effectiveness. Consequently, this study 
provides a practical and scalable technical solution for blended learning for ubiqui-
tous higher education environments.
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