
22	 International Journal of Interactive Mobile Technologies (iJIM) iJIM | Vol. 20 No. 15 (2026)

iJIM  |  eISSN: 1865-7923  |  Vol. 20 No. 15 (2026)  | 

JIM International Journal of 

Interactive Mobile Technologies

Du, Q., Guo, S., Zhen, H. (2026). Design of a Mobile Interactive Distance Education Platform with Student Engagement Assessment. International 
Journal of Interactive Mobile Technologies (iJIM), 20(15), pp. 22–36. https://doi.org/10.3991/ijim.v20i15.62710

Article submitted 2026-04-22. Revision uploaded 2026-06-20. Final acceptance 2026-06-22.

© 2026 by the authors of this article. Published under CC-BY.

Online-Journals.org

PAPER

Design of a Mobile Interactive Distance Education 
Platform with Student Engagement Assessment

ABSTRACT
The continuity of interaction and the reliability of learning analytics in mobile distance edu-
cation are substantially constrained by dynamically fluctuating network conditions and the 
challenges associated with heterogeneous device adaptation. Existing educational systems 
are often limited by inadequate transmission stability under weak-network environments, 
privacy risks arising from cloud-centric learning analytics, and inefficient synchronization 
across multiple terminal devices. To address these limitations, a hierarchical end–edge–cloud 
microservice architecture for distance education was proposed. An adaptive transmission 
degradation mechanism based on a dual-protocol stack and integrated bandwidth time-series 
prediction was developed. In addition, a lightweight on-device engagement assessment model 
was established using multidimensional implicit interaction features, while a collaborative 
whiteboard synchronization algorithm optimized for heterogeneous mobile devices was 
designed. The proposed framework effectively addresses the challenges of dynamic adap-
tation and real-time learning-state perception in mobile learning environments. Technical 
support is thereby provided for the development of high-performance, privacy-preserving 
intelligent mobile education systems.

KEYWORDS
cross-platform mobile development, adaptive protocol transmission, lightweight on-device 
neural network, operational transformation algorithm, mobile learning engagement 
assessment

1	 INTRODUCTION

The widespread adoption of mobile communication technologies and intelligent 
terminal devices has facilitated the transition of distance education from conven-
tional fixed-network environments to ubiquitous mobile interactive learning envi-
ronments [1]. Compared with wired networks, mobile learning environments are 
characterized by dynamic bandwidth fluctuations, unstable communication links, 
and pronounced device heterogeneity [2, 3], by which stringent requirements are 
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imposed on the real-time performance and continuity of instructional interac-
tions. Most existing distance education platforms continue to rely on traditional 
wired-network architectures [4, 5], through which the dynamic transmission char-
acteristics of mobile networks cannot be effectively accommodated. Consequently, 
under weak-network conditions, service degradation frequently occurs in the form 
of audio–video stuttering, communication interruptions, and classroom disconnec-
tions, resulting in substantial deterioration of instructional interaction quality. With 
respect to learning-state assessment [6], cloud-based visual analysis frameworks are 
predominantly employed in current engagement assessment. Continuous upload-
ing of user-related data is therefore required [7], leading to considerable com-
munication overhead and introducing significant privacy and security concerns. 
In addition, the adaptability of existing collaborative whiteboard technologies to 
heterogeneous mobile devices remains limited. Under high-concurrency interactive 
scenarios, synchronization conflicts are frequently generated, thereby restricting 
the large-scale deployment of mobile teaching applications. To address these chal-
lenges, research on instructional system optimization and learning-state perception 
in mobile learning environments is conducted. Theoretical foundations for adap-
tive mobile transmission and on-device intelligent perception are expected to be 
further advanced, while existing limitations in collaborative instruction across het-
erogeneous mobile devices are intended to be mitigated. Engineering guidance can 
thereby be provided for the development of highly stable and privacy-preserving 
intelligent education platforms, offering both significant theoretical contributions 
and practical value.

Although extensive efforts have been devoted to transmission optimization for 
mobile learning, learning-state assessment, and multi-terminal collaborative inter-
action, substantial limitations remain within existing technological frameworks, 
thereby restricting their applicability to complex mobile teaching environments. 
In the area of media-stream transmission, most mainstream distance education 
platforms rely on a single Web Real-Time Communication (WebRTC) protocol [8, 9]. 
Network adaptation can therefore only be performed reactively after communica-
tion degradation has occurred, while capabilities for network time-series prediction 
and proactive adaptation remain largely absent. As a consequence, service continuity 
is frequently compromised under weak-network conditions. Furthermore, a quan-
tifiable framework for dynamic protocol adaptation has not yet been established. 
With respect to student engagement assessment, conventional cloud-based visual 
monitoring approaches are associated with considerable privacy leakage risks  
[10, 11] and are increasingly incompatible with the privacy compliance require-
ments of end-user devices.

Existing lightweight on-device assessment methods are primarily constructed 
on explicit learning data, whereas implicit interaction behavior features are 
often neglected. Consequently, assessment dimensions remain limited, evaluation 
accuracy is constrained, and a closed-loop mechanism integrating learning-state 
feedback and instructional intervention has yet to be realized. In the field of 
multi-terminal collaboration, traditional operational transformation algorithms 
have not been adequately adapted to the heterogeneous resolution characteristics 
of mobile devices. As a result, interaction-coordinate deviations and inconsisten-
cies in interface states are frequently introduced. Moreover, optimization strate-
gies for high-concurrency interactions remain insufficiently developed, leading to 
substantial increases in synchronization latency and system failure rates when 

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


	 24	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 20 No. 15 (2026)

Du et al.

large-scale instructional activities are conducted [12, 13]. At the architectural level, 
most existing distance education platforms continue to employ cloud-centric cen-
tralized deployment models [14, 15]. Task scheduling has generally not been per-
formed according to the heterogeneous computational capabilities available across 
end, edge, and cloud layers. In addition, quantitative latency-constrained design 
criteria specifically tailored for mobile interactive learning environments remain 
lacking. Consequently, the requirements for instructional real-time performance 
and overall system stability cannot be simultaneously satisfied within existing 
frameworks.

To address the aforementioned research gaps, four principal contributions are 
presented. First, an end–edge–cloud hierarchical microservice architecture tai-
lored for heterogeneous mobile devices is established, and a full-stack quantitative 
latency-constrained framework is developed. Second, by integrating network-state 
estimation and time-series prediction, a transmission mechanism based on a 
dual-protocol stack and proactive degradation strategy is proposed, thereby achiev-
ing dynamic adaptation and seamless protocol switching of instructional commu-
nication under weak-network conditions. Third, a lightweight on-device neural 
network model is designed on the basis of multidimensional implicit interaction 
features. Real-time engagement detection and adaptive instructional interven-
tion are thereby enabled without the transmission of privacy-sensitive user data. 
Finally, the conventional operational transformation algorithm is optimized for 
high-concurrency mobile learning scenarios. Through the incorporation of coordi-
nate normalization and batch-processing strategies, synchronization efficiency and 
concurrent processing capacity across heterogeneous mobile devices are substan-
tially improved.

2	 SYSTEM DESIGN AND CORE METHODS

2.1	 Overall architecture of the end–edge–cloud hierarchical 
microservice system

An end–edge–cloud hierarchical microservice architecture is established to sup-
port heterogeneous mobile teaching environments. System deployment is achieved 
through the integration of cross-platform mobile terminals, edge protocol gateways, 
and cloud-based microservice clusters, while a time-series database is employed 
for the standardized storage and management of instructional behavioral data. 
The overall architecture and core operational mechanisms of the end–edge–cloud 
collaborative mobile distance education system are illustrated in Figure 1. Based 
on the heterogeneous computational resources available across the end, edge, and 
cloud layers, hierarchical task scheduling and tiered data-flow processing are imple-
mented throughout the architecture. Lightweight feature extraction and local pre-
processing of user interaction behaviors are performed independently on mobile 
devices, thereby preventing bandwidth consumption and privacy risks associated 
with the transmission of raw user data. Edge nodes continuously monitor network 
conditions and execute protocol adaptation and transmission-degradation decisions 
in real time, ensuring dynamic adaptation of instructional interactions under vary-
ing network environments. The cloud layer is primarily responsible for iterative 
model training and long-term analysis of instructional behaviors, thereby support-
ing the continuous evolution of the system’s intelligent capabilities.
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Fig. 1. Overall architecture and core mechanisms of the end–edge–cloud collaborative mobile distance 
education system

To satisfy the stringent real-time interaction requirements of mobile learning envi-
ronments, a full-stack quantitative latency-constrained framework is established. 
End-to-end latency for control signaling is strictly maintained below 100 ms, while 
media-stream transmission latency is constrained to less than 400 ms under normal 
network conditions. Under weak-network conditions characterized by significant 
network fluctuations, the upper latency threshold for media-stream transmission 
is limited to 800 ms. These latency constraints provide standardized quantitative 
criteria for the subsequent design and optimization of the adaptive transmission 
mechanism, the learning-state assessment model, and the collaborative synchroni-
zation algorithm.

2.2	 Dual-protocol stack adaptive degradation transmission architecture 
based on hidden Markov model-based bandwidth prediction

A dual-protocol stack transmission architecture is employed to achieve dynamic 
adaptation to mobile network conditions. Two communication channels, namely 
WebRTC and WebSocket, are deployed to support differentiated instructional inter-
action tasks. The WebRTC channel serves as the primary communication link and 
is responsible for real-time audio–video transmission under high-bandwidth con-
ditions. In contrast, the WebSocket channel functions as a backup communication 
link for instructional interactions conducted under weak-network conditions char-
acterized by limited bandwidth and severe network disturbances. Real-time band-
width estimation is performed using the Kalman filter embedded within the Google 
congestion control framework, and an instantaneously available bandwidth value, 
denoted as B̂, is obtained. By combining the packet loss rate (p) and the round-trip 
time (RTT), a standardized channel-switching decision model is established. Optimal 
threshold values are determined through multiple pilot experiments, enabling adap-
tive and dynamic selection of the transmission channel. The decision rule is defined 
as follows:

	 S t
B B p p RTT RTT

otherwise
th th th( )

,

ˆ
�

� �WebRTC,

WebSocket

� � ��
�
�

��
	 (1)
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where, the threshold parameters in the system are specified as Bth = 300 kbps,  
pth = 10%, and RTTth = 400 ms. These values correspond to the minimum 
bandwidth requirement for instructional video encoding, the critical packet- 
loss rate for maintaining communication stability, and the maximum tolerable 
latency for real-time instructional interaction in mobile learning environments. 
Consequently, a quantifiable and reproducible basis for transmission-channel 
switching is provided.

To overcome the transient service interruptions caused by reactive channel- 
switching strategies in conventional approaches, a hidden Markov model is intro-
duced to capture the temporal evolution characteristics of network bandwidth and 
enable proactive transmission degradation. A continuous bandwidth observation 
sequence over the most recent 10-second interval, denoted as [ ˆ ˆ ]B B

t t−9
,…, , is contin-

uously collected by the system. By estimating state-transition probabilities, the fluc-
tuation patterns of mobile network conditions are modeled, and the bandwidth at 
the next time step, B̂

t+1
, is predicted. When the predicted bandwidth satisfies the con-

dition ˆ .B B
t th�1

1 2� � , the network is identified as approaching a weak-network state. 
Consequently, a proactive resource-prefetching mechanism is activated two seconds 
in advance. Critical static instructional resources, including courseware snapshots 
and exercise content, are cached locally on the mobile device. As a result, inter-
face blanking and interaction interruptions that commonly occur during protocol 
switching are effectively mitigated, thereby substantially improving service continu-
ity in weak-network learning environments.

To ensure interaction-state consistency throughout the protocol-switching pro-
cess, interaction commands are encapsulated using Protocol Buffers-based binary 
serialization. The size of each interaction command is maintained within the range 
of 40–120 bytes, resulting in a substantially lower transmission overhead than that 
associated with conventional media-stream frames under weak-network condi-
tions. In addition, an ordered operation queue mechanism based on monotonically 
increasing sequence numbers is established. A globally unique temporal identifier 
is generated by the client for each local interaction event, while command execution 
and synchronization broadcasting are performed by the server in strict accordance 
with the assigned temporal order. Furthermore, a retransmission timeout mech-
anism of 500 ms is implemented. When command loss is detected due to packet 
loss, retransmission requests are automatically triggered. If command recovery is 
not completed within the specified timeout interval, the corresponding command 
is regarded as invalid, and the client state is synchronously updated. Through this 
mechanism, operational conflicts and state inconsistencies arising during dual- 
protocol switching are effectively eliminated.

2.3	 Lightweight real-time engagement assessment model driven 
by implicit interaction features on mobile devices

To address the privacy risks and limited behavioral representation capabil-
ities associated with existing learning-state assessment approaches, a lightweight 
engagement assessment model operating entirely on mobile devices is developed. 
Throughout the assessment process, no facial images, raw interaction records, or 
other privacy-sensitive information are transmitted, thereby eliminating commu-
nication overhead and mitigating information leakage risks at the data source. A 
60-second sliding temporal window is employed to capture users’ implicit class-
room interaction behaviors, and a 12-dimensional quantitative feature framework 
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is established to comprehensively characterize learning-state dynamics. To achieve 
standardized quantitative representation of behavioral patterns, the principal inter-
action indicators are computed using statistical measures. The key feature formula-
tions are defined as follows:

	 CV
click
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�
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where, sclick and mclick denote the standard deviation and mean of click inter-
vals, respectively; Tresponse and Texpected represent the actual response time and the 
expected response time for instructional tasks; ai denotes the screen-attention 
state indicator; and p(sj) represents the probability distribution associated with 
user interface dwell states. Prior to model input, all features are normalized using 
the Z-score normalization method to eliminate biases arising from differences 
in measurement scales and feature magnitudes. The normalization procedure is 
expressed as:

	 x
x

i
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where, mi and si denote the global mean and standard deviation of the corre-
sponding feature, respectively, estimated from large-scale offline instructional inter-
action logs.

A three-layer fully connected neural network is constructed to achieve deep 
fusion of implicit features and regression of engagement scores. The network 
architecture is intentionally streamlined to accommodate the computational con-
straints of embedded mobile devices. The forward propagation process is defined 
as follows:

	 h Re h Re h
1 1 1 2 2 1 2 3 2 3
� � � � � �LU W b LU W h b y W bx T( ), ( , () )� 	 (7)

Through two successive nonlinear transformations, high-dimensional features 
are refined and compressed. An engagement score, denoted as Eengagement, is subse-
quently generated through a Sigmoid activation function, yielding an output within 
the interval [0, 1]. The model is converted into a lightweight format using TensorFlow 
Lite. In addition, graphics processing unit acceleration is enabled through the mobile 
hardware delegate mechanism. Deployment on mainstream mobile devices demon-
strates that the single inference latency is limited to approximately 15 ms, thereby 
consistently satisfying the low-latency requirements of real-time learning-state 
assessment in instructional environments.
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To establish a dynamic closed-loop framework integrating learning-state per-
ception and instructional regulation, a hierarchical adaptive intervention strategy 
is developed on the basis of continuous temporal engagement assessment results. 
Differentiated instructional guidance mechanisms are activated according to pre-
defined quantitative thresholds. During the intervention process, the difficulty level 
of adaptive exercises is dynamically adjusted according to students’ historical learn-
ing performance. The difficulty adaptation function is defined as:

	 Diff = 0.3 + 0.5 × (1 - accuracy)	 (8)

Intervention levels are determined according to engagement scores observed 
over two consecutive sampling windows. Differentiated instructional actions are 
executed, including interface reminders, adaptive exercise recommendations, and 
temporary instructional review sessions. Following each intervention, subsequent 
user interaction behaviors are incorporated into the feature-calculation frame-
work in real time and are utilized for continuous refinement of the learning-state 
assessment results. Consequently, a dynamic closed-loop mechanism is established, 
enabling continuous refinement of learning-state perception and instructional 
intervention.

2.4	 Improved operational transformation-based collaborative whiteboard 
synchronization algorithm for heterogeneous mobile devices

To ensure global state consistency during collaborative whiteboard interactions 
across heterogeneous mobile devices, an operational transformation mechanism is 
employed to resolve concurrent writing conflicts in instructional environments. All 
whiteboard interaction events are represented using a standardized structured for-
mat, in which each interaction operation is defined as a quadruple O t u type data� � �, , , .  
For any two concurrent interaction operations, denoted as Oa and Ob, operation 
alignment and adaptation are achieved through a conflict resolution operation. The 
unified transformation rule is expressed as:

	 transform O O O O
a b a b

( , ( ,) )� � � 	 (9)

In conventional operational transformation algorithms, conflict resolution is 
directly performed using device-specific screen coordinates. However, the hetero-
geneous screen resolutions and display dimensions of Android and iOS devices are 
generally not considered, resulting in trajectory deviations and rendering incon-
sistencies. To address this limitation, a global coordinate normalization mapping 
model is established. All interaction coordinates are first transformed into a unified 
normalized coordinate space in accordance with:

	 x
x

W
y

y

H
raw raw= =, 	 (10)

where, xraw and yraw denote the original touch coordinates recorded on the source 
device, and W and H represent the screen width and height, respectively. At the 
receiving device, inverse coordinate mapping is performed according to local hard-
ware parameters. Through this mechanism, synchronization deviations arising 
from heterogeneous display configurations are fundamentally eliminated.
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3	 EXPERIMENTAL DESIGN AND RESULTS ANALYSIS

3.1	 Experimental environment and dataset configuration

The experimental platform was composed of multiple mainstream mobile 
devices and a server-side cluster infrastructure. The mobile-device environment 
included heterogeneous terminals equipped with representative chipsets, includ-
ing Qualcomm Snapdragon 865, MediaTek Dimensity 1100, and Apple A14 pro-
cessors, thereby covering both Android and iOS platforms. On the server side, a 
Kubernetes-based microservice cluster was deployed on rack-mounted servers, 
while a high-performance time-series database was utilized for the storage of 
instructional data. The software environment was established using Flutter to 
implement a cross-platform mobile client. WebRTC was employed to provide the 
underlying media-transmission capability, while the NetEm network emulator 
was utilized to simulate dynamic weak-network conditions commonly encoun-
tered in mobile environments. TensorFlow Lite was adopted to support lightweight 
deployment of the proposed model on mobile devices and to enable hardware- 
accelerated inference.

Two self-constructed datasets were utilized during experimental evaluation.  
The first dataset consisted of 20 hours of manually annotated classroom 
interaction data collected from authentic teaching sessions. The dataset con-
tained implicit interaction samples collected under diverse network conditions 
and learning behaviors and was employed for model training and accuracy 
validation of the engagement model. The second dataset was designed for col-
laborative whiteboard evaluation and contained concurrent interaction records 
generated by 200 mobile devices. Large-scale operation samples collected from 
devices with heterogeneous screen resolutions were included. This dataset was 
employed to evaluate the performance of the collaborative synchronization 
algorithm.

3.2	 Comparative evaluation of dual-protocol stack transmission robustness 
under weak-network conditions

This experiment was conducted to evaluate the stability and real-time per-
formance of instructional communication under weak-network conditions. The 
simulated network bandwidth was fixed at 384 kbps, corresponding to the typ-
ical transmission characteristics of a 3G mobile network. Five packet-loss levels, 
namely 0%, 5%, 10%, 15%, and 20%, were configured to represent progressively 
degraded network conditions. Two transmission schemes were evaluated. The 
baseline scheme consisted of a conventional WebRTC-only instructional trans-
mission framework, whereas the experimental scheme employed the proposed 
dual-protocol stack adaptive degradation transmission architecture based on hid-
den Markov model-based bandwidth prediction. The evaluation metrics included 
session availability, average media transmission latency, average command trans-
mission latency, and protocol-switching latency. The transmission performance 
of the two schemes under different weak-network conditions is summarized 
in Table 1.
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Table 1. Performance comparison of transmission schemes under different packet-loss rates

Packet  
Loss Rate Scheme Session 

Availability (%)

Media 
Transmission 
Latency (ms)

Command 
Transmission 
Latency (ms)

Protocol-
Switching 

Latency (ms)

0% Conventional WebRTC  
scheme

98.6 182 52 Not applicable

0% Proposed dual-protocol  
stack scheme

98.9 180 50 28

5% Conventional WebRTC  
scheme

81.2 356 68 Not applicable

5% Proposed dual-protocol  
stack scheme

97.5 312 49 30

10% Conventional WebRTC  
scheme

65.7 589 85 Not applicable

10% Proposed dual-protocol  
stack scheme

94.1 426 51 29

15% Conventional WebRTC  
scheme

58.3 792 102 Not applicable

15% Proposed dual-protocol  
stack scheme

92.3 615 53 31

20% Conventional WebRTC  
scheme

41.5 985 136 Not applicable

20% Proposed dual-protocol  
stack scheme

90.6 782 55 30

As shown in Table 1, the conventional WebRTC-only scheme exhibited pro-
nounced sensitivity to network degradation. As the packet-loss rate increased, ses-
sion availability declined substantially. Under the 15% packet-loss condition, session 
availability decreased to only 58.3%. Under the most severe condition, media trans-
mission latency approached 1,000 ms. Such performance levels are insufficient to 
satisfy the real-time requirements of interactive mobile learning environments. In 
contrast, the proposed dual-protocol stack scheme, supported by time-series band-
width prediction and a proactive transmission-degradation mechanism, consis-
tently maintained a session availability rate exceeding 90% across all weak-network 
scenarios with varying packet-loss rates. As a result, the occurrence of instructional 
interruptions under mobile weak-network conditions was substantially reduced. 
Furthermore, the lightweight command-transmission mechanism implemented 
through the backup communication channel maintained command transmission 
latency below 55 ms across all experimental conditions. Protocol-switching latency 
remained stable at approximately 30 ms, indicating that transmission adaptation 
could be completed with negligible perceptible disruption to instructional inter-
actions. Consequently, both service continuity and real-time responsiveness were 
effectively preserved under complex mobile network environments.

3.3	 Evaluation of engagement assessment accuracy 
and on-device inference performance

To evaluate both the predictive accuracy and embedded deployment suitability of 
the proposed on-device lightweight engagement assessment model, two representa-
tive baseline methods were selected for comparison. Baseline Model 1 consisted of 
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a cloud-based convolutional neural network facial-vision assessment model, while 
Baseline Model 2 employed a conventional support vector machine-based learning 
analytics model. The experimental model corresponded to the proposed lightweight 
neural network driven by multidimensional implicit features. A self-constructed class-
room dataset annotated manually was utilized as the test benchmark. Performance 
was evaluated using four metrics: mean absolute error of the engagement score, three-
class classification accuracy, single-sample inference latency on mobile devices, and 
peak memory consumption. The comparative results obtained for the three engage-
ment assessment models are summarized in Figure 2 and Table 2.

Fig. 2. Comparison of error and accuracy among different engagement assessment models

From the perspective of accuracy, the cloud-based convolutional neural network 
model achieved the highest performance owing to its ability to exploit large-scale visual 
features. However, this approach relies on the transmission of privacy-sensitive data 
and cloud-computing resources, rendering it unsuitable for privacy-preserving and 
lightweight on-device deployment scenarios. In contrast, the conventional support vec-
tor machine model was constructed using a limited set of explicit learning features. As a 
consequence, the restricted feature representation capability resulted in relatively large 
prediction errors, and the classification accuracy remained below 80%. The proposed 
model was developed using a 12-dimensional implicit interaction feature framework. 
The mean absolute error was reduced to 0.11, while the three-class classification accu-
racy reached 87.3%. These results indicate that substantially higher assessment accu-
racy was achieved compared with the conventional machine-learning approach, while 
performance remained highly comparable to that of the cloud-based visual model. 
From the perspective of deployment performance, the proposed model was optimized 
through TensorFlow Lite quantization and graphics processing unit acceleration. As a 
result, the single-sample inference latency was limited to only 15.1 ms, which is consid-
erably lower than the commonly accepted real-time threshold of 100 ms. Furthermore, 
peak memory consumption was restricted to 10.5 MB, representing the lowest resource 
utilization among all evaluated approaches. These results demonstrate that the proposed 
model fully satisfies the constraints of mobile-edge deployment, including limited com-
putational resources, low power consumption, and enhanced privacy protection, while 
maintaining high evaluation accuracy. Consequently, an effective balance between 
accuracy and practical engineering applicability is achieved.
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Table 2. Performance comparison of different engagement assessment models

Model Single-Sample  
Inference Latency (ms)

Peak Memory 
Consumption (MB)

Cloud-based convolutional neural network model Cloud-side computation 28.6 (device-side)

Conventional support vector machine model 8.2 12.3

Proposed lightweight neural network model 15.1 10.5

3.4	 Performance evaluation of whiteboard synchronization 
under high-concurrency heterogeneous device environments

This experiment was conducted to evaluate the performance of the improved 
operational transformation-based collaborative synchronization algorithm under het-
erogeneous device configurations and high-concurrency interaction scenarios. Four 
concurrency levels, corresponding to 50, 100, 150, and 200 simultaneous participants, 
were configured. The baseline method consisted of the native Jupiter operational 
transformation algorithm, whereas the experimental method employed the proposed 
improved operational transformation algorithm incorporating coordinate normaliza-
tion and batch-processing optimization strategies. Performance was evaluated using 
three metrics: operation throughput (operations per second), average synchronization 
latency, and the occurrence rate of interface inconsistency failures. The comparative 
results obtained under different concurrency levels are presented in Table 3.

Table 3. Performance comparison of collaborative whiteboard synchronization algorithms 
under high-concurrency conditions

Number of 
Concurrent  

Users
Scheme

Operation 
Throughput 

(Operations/s)

Average 
Synchronization 

Latency (ms)

Interface  
Inconsistency  

Rate (%)

50 Native operational 
transformation algorithm

492 126 2.1

50 Improved operational 
transformation algorithm

1286 85 0.3

100 Native operational 
transformation algorithm

485 189 4.5

100 Improved operational 
transformation algorithm

1572 112 0.5

150 Native operational 
transformation algorithm

468 253 7.8

150 Improved operational 
transformation algorithm

1845 146 0.8

200 Native operational 
transformation algorithm

451 328 11.2

200 Improved operational 
transformation algorithm

2013 192 1.1

The experimental results demonstrate that the native operational transformation 
algorithm was constrained by its operation-by-operation serial processing mechanism 
and the lack of effective adaptation to heterogeneous coordinate systems. Consequently, 
throughput remained at approximately 500 operations per second, while synchroni-
zation latency and interface inconsistency rates increased markedly as the number of 
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concurrent users grew. Under the 200-participant concurrency scenario, synchroniza-
tion latency exceeded 300 ms, and the failure rate surpassed 11%, indicating that the 
native algorithm was unable to support large-scale classroom interaction effectively. 
By contrast, the proposed algorithm completely resolved cross-device resolution adap-
tation issues through a global coordinate normalization strategy. In addition, server- 
side computational overhead was substantially reduced through the incorporation of 
a regional operation batch-processing mechanism. As a result, a throughput of 2,013 
operations per second was achieved under the 200-participant high-concurrency 
scenario, while synchronization latency was consistently maintained below 200 ms. 
Furthermore, the globally unified coordinate framework effectively prevented dis-
play misalignment and state-conflict issues, resulting in an overall failure rate of less 
than 1.2% across all experimental conditions. These findings demonstrate that the 
proposed algorithm substantially enhances the stability of large-scale collaborative 
teaching applications deployed on heterogeneous mobile devices.

3.5	 Effectiveness evaluation of the hierarchical closed-loop engagement 
intervention strategy

To quantitatively evaluate the instructional benefits of the proposed hierarchical 
adaptive intervention mechanism, students from the same class were equally divided 
into two groups. A control group without intervention and an experimental group 
employing the proposed intervention strategy were established. A comparative instruc-
tional experiment was subsequently conducted over eight consecutive class sessions. 
Performance was assessed using two indicators: the average engagement score over 
the entire instructional period and the proportion of time spent in a low-engagement 
state. A low-engagement state was defined as any instructional period during which 
the engagement score remained below 0.4. The statistical results of classroom learning- 
state data obtained from the two groups are presented in Figure 3.

Fig. 3. Comparison of the effectiveness of instructional intervention strategies
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As indicated by the statistical results, relatively low levels of student engage-
ment were observed under natural instructional conditions in the absence of 
external intervention. Approximately one-third of the total instructional duration 
was spent in a low-engagement state. Through the proposed hierarchical closed-
loop intervention mechanism, differentiated instructional regulation strategies 
were dynamically selected according to students’ real-time learning states. Student 
disengagement behaviors were corrected in a timely manner through lightweight 
interface reminders, adaptive exercise recommendations, and guided instruc-
tional review activities. Following continuous closed-loop intervention across 
multiple instructional sessions, a substantial increase in the average student 
engagement score was observed in the experimental group. Simultaneously, 
the proportion of time spent in low-engagement states was markedly reduced. 
These findings demonstrate that dynamic intervention strategies driven by 
on-device learning-state assessment can effectively enhance classroom learning 
states. Furthermore, an intelligent instructional closed-loop framework integrating 
perception, regulation, and iteration was successfully established. Consequently, 
the proposed approach exhibits strong practical applicability for real-world edu-
cational environments.

4	 CONCLUSION

The challenges associated with dynamic network fluctuations, heterogeneous 
device adaptation, insufficient privacy-preserving learning-state perception, and 
inefficient multi-device synchronization in mobile distance education environ-
ments were addressed through the development of an intelligent instructional 
interaction and perception framework tailored for mobile learning scenarios. An 
end–edge–cloud hierarchical microservice architecture was established, and a 
standardized latency-constrained framework was developed to support hierarchi-
cal task scheduling and efficient processing of instructional data. By integrating 
a time-series bandwidth prediction mechanism, a dual-protocol stack adaptive 
transmission strategy was designed, through which service interruptions under 
weak-network conditions were effectively mitigated. Furthermore, a lightweight 
neural network model driven by implicit interaction features collected on mobile 
devices was constructed to enable real-time engagement assessment and adaptive 
instructional closed-loop intervention without the transmission of privacy-sensitive 
user data. In addition, the collaborative synchronization algorithm was enhanced 
through coordinate normalization and batch-processing optimization, thereby 
resolving state inconsistency issues arising during high-concurrency interactions 
across heterogeneous mobile devices.

The effectiveness and technical advantages of the proposed framework were sys-
tematically validated through multiple comparative experiments. Relative to conven-
tional distance education approaches, substantial improvements were achieved in 
session availability under weak-network conditions, on-device learning-state assess-
ment accuracy, and collaborative interaction performance across multiple devices. 
Stable operation was consistently maintained under realistic classroom environments 
characterized by dynamic mobile network conditions and heterogeneous hardware 
configurations. The proposed framework contributes to the advancement of theo-
retical and technical foundations for adaptive instructional transmission, on-device 
intelligent learning-state perception, and large-scale collaborative interaction among 
mobile terminals. Both methodological innovation and practical engineering value 
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are demonstrated. Consequently, effective support can be provided for the large-
scale deployment of mobile learning applications in scenarios such as rural distance 
education and mobile vocational training. Furthermore, a reliable technical para-
digm is established for the design and optimization of high-performance, privacy- 
preserving intelligent mobile education systems.
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