
	 104	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 20 No. 16 (2026)

iJIM  |  eISSN: 1865-7923  |  Vol. 20 No. 16 (2026)  | 

JIM International Journal of 

Interactive Mobile Technologies 

Li, M. (2026). Mobile Interaction Behavior Analysis for Optimizing Learning Engagement Prediction in Higher Education. International Journal  
of Interactive Mobile Technologies (iJIM), 20(16), pp. 104–117. https://doi.org/10.3991/ijim.v20i16.62749

Article submitted 2026-05-26. Revision uploaded 2026-06-26. Final acceptance 2026-06-26.

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

Online-Journals.org

PAPER

Mobile Interaction Behavior Analysis for Optimizing 
Learning Engagement Prediction in Higher Education

ABSTRACT
Mobile terminals serve as the primary carriers of self-directed mobile learning among uni-
versity students. Interaction data generated from these terminals can authentically reflect 
learners’ dynamic engagement levels. Existing research, however, inadequately accommo-
dates the non-uniform temporal characteristics of behavioral sequences, struggles to capture 
long-range dependencies, suffers from poor fusion quality of heterogeneous features, and 
exhibits limited model interpretability—thereby hindering practical deployment in instruc-
tional intervention contexts. To address these issues, a unified framework for behavioral anal-
ysis and engagement prediction was proposed. Relying on non-intrusive sensing techniques, 
multimodal learning behavior data were collected, and learning engagement was quantified 
through the fusion of subjective and objective evaluation metrics. Temporal behavioral topo-
logical associations were uncovered by constructing horizontal visibility graphs integrated 
with a graph attention network. A cross-modal attention mechanism was employed to adap-
tively fuse multi-source heterogeneous features, while multitask learning was introduced to 
enhance model generalization, enabling accurate prediction of learning engagement trajecto-
ries. Furthermore, a gradient-weighted attribution strategy was incorporated to identify key 
influencing factors, and a mobile intervention mechanism was designed to optimize learners’ 
behavioral states. This study provides a technical reference for mobile learning behavior min-
ing, learning state prediction, and the development of intelligent educational applications.

KEYWORDS
mobile interaction behaviors, multimodal sensing, horizontal visibility graph, graph attention 
network, cross-modal attention, learning engagement prediction; explainable intelligence

1	 INTRODUCTION

With the iterative advancement of mobile internet and intelligent terminal tech-
nologies, mobile learning has progressively become integrated into higher education 
scenarios, emerging as a predominant form of self-directed learning for university 
students in fragmented time slots [1, 2]. Operational interactions, system responses, 
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and spatiotemporal environmental data generated by learners on terminal devices 
can objectively characterize dynamic learning behavioral features, thereby providing 
a novel data dimension for quantifying and optimizing learning states [3, 4]. Learning 
engagement serves as a core benchmark for evaluating the effectiveness of mobile 
learning and assessing learning quality. Currently, mainstream assessment methods 
remain reliant on subjective questionnaires and manual statistics—approaches that 
suffer not only from issues such as data latency and significant subjective bias but 
also from an inability to accommodate long-span, highly dynamic mobile behavioral 
analysis scenarios [5, 6]. In the fields of mobile computing and human–computer 
interaction, leveraging on-device sensing techniques and deep learning algorithms 
to parse user behavioral characteristics, aiming to achieve accurate prediction and 
proactive intervention of learning states, has become a research focus in intelligent 
education [7, 8]. At the theoretical level, refining behavioral modeling frameworks 
tailored to non-uniform temporal data in mobile contexts can enrich the research 
paradigms of intelligent behavior analysis [9, 10]. At the application level, relevant 
technical outcomes can be deployed across various educational terminal platforms, 
facilitating the transformation of mobile learning services from passive resource 
recommendation toward active and personalized intelligent regulation [11].

Although extensive research has been conducted both domestically and interna-
tionally on mobile learning behavior analysis and learning engagement prediction, 
several shortcomings persist within the overall technical framework, thereby con-
straining both technological deployment and academic advancement in this domain. 
At the data level, most studies have relied on a single category of behavioral data for 
analysis, overlooking the intrinsic correlations among application operations, system 
states, and environmental contexts [12, 13]. Furthermore, data collection has often 
been characterized by short cycles and high intrusiveness, making it difficult to recon-
struct authentic learner behaviors. In addition, comprehensive privacy protection 
mechanisms are generally lacking, which fails to meet the data requirements of longi-
tudinal empirical studies [14]. At the modeling level, conventional time series models 
have frequently been employed to process behavioral data. Such algorithms are suited 
to uniform time series but cannot adequately accommodate the inherently irregular 
intervals and long-range nonlinearly coupled dynamics of mobile behaviors, thereby 
limiting the capacity to deeply uncover latent topological regularities within behav-
ioral sequences [7, 9]. At the feature processing level, fusion methods for multi-source 
heterogeneous data have remained relatively simplistic, with direct feature concate-
nation being the dominant approach. Consequently, dynamic cross-modal associations 
are difficult to capture, and differentiated learning states—such as genuine concen-
tration versus invalid dwell—cannot be effectively distinguished [10, 12]. In addition, 
existing prediction models exhibit weak overall interpretability, making it difficult to 
identify key behavioral factors influencing learning engagement. Most studies have 
been confined to algorithmic prediction without designing corresponding intervention 
strategies tailored to the operational characteristics of mobile terminals. As a result, 
research outcomes are difficult to translate into practical instructional settings [15].

To address the aforementioned technical limitations, a systematic framework 
for mobile learning behavior analysis and engagement optimization is constructed, 
through which multidimensional innovations are achieved. A cross-terminal, non- 
intrusive data collection system is established, and high-quality multimodal datasets 
are constructed by integrating subjective and objective evaluation metrics, thereby 
balancing data acquisition efficiency with user privacy protection. A topological graph 
structure is innovatively fused with a graph attention algorithm to resolve the challenge 
of modeling long-range dependencies in non-uniform temporal behavioral sequences. 
A novel cross-modal fusion mechanism is designed based on the Transformer 
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architecture, and model robustness is further enhanced by incorporating a multi-task 
learning strategy. Furthermore, multidimensional attribution algorithms are employed 
to interpret the prediction mechanism, and a mobile intervention module is deployed 
accordingly. Consequently, a complete technical closed loop encompassing data collec-
tion, feature modeling, state prediction, and behavioral intervention is formed, which 
can serve as a reference for behavioral analysis of similar user populations.

2	 METHODOLOGY

2.1	 Overview of the overall technical framework

A layered and progressive unified technical architecture is proposed, driven by 
mobile learning interaction data generated by university students in real-world sce-
narios. A complete closed-loop system is constructed to enable behavioral analysis 
and learning engagement optimization. The overall architecture is divided vertically 
into four functional layers, which are sequentially interconnected and functionally 
complementary. At the data layer, multidimensional mobile learning behaviors are 
collected, followed by data cleaning, sequentialization, and quantification of learning 
engagement labels, thereby providing high-quality data support for subsequent mod-
eling. At the modeling layer, non-uniform temporal behavioral sequences are deeply 
analyzed through topological representation and graph neural networks, allowing 
hidden structural features and long-range dependencies within behavioral sequences 
to be uncovered. At the prediction layer, multi-source heterogeneous features are 
adaptively fused via a cross-modal attention mechanism, and model generalization is 
reinforced by incorporating a multi-task learning strategy, enabling dynamic rolling 
prediction of learning engagement trajectories. At the application layer, attribution 
analysis is performed on the prediction results, core behavioral factors influencing 
learning states are identified, and personalized optimization strategies are generated 
and delivered accordingly. Ultimately, full coverage of mobile learning behavior per-
ception, feature modeling, state prediction, and intelligent intervention is achieved 
from a technical perspective. Figure 1 illustrates the unified technical framework for 
mobile interaction behavior analysis and learning engagement optimization.

Fig. 1. Unified technical framework for mobile interaction behavior analysis  
and learning engagement optimization
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2.2	 Multimodal perception of mobile earning behaviors 	
and data preprocessing

To accurately capture learners’ dynamic interaction characteristics in authentic 
learning scenarios, data collection is conducted using a self-developed lightweight 
sensing middleware. This component is compatible with mainstream mobile oper-
ating systems and enables non-intrusive data acquisition through background silent 
services. To balance the acquisition quality of discrete interaction events and con-
tinuous system states, a dual strategy combining event-triggered and periodic sam-
pling is embedded within the collection mechanism. Three categories of behavioral 
data—application operation records, system interaction states, and spatiotemporal 
context information—are continuously recorded throughout a complete academic 
semester. All privacy-related raw information is anonymized and desensitized 
locally on the device, thereby ensuring data integrity while satisfying compliance 
requirements for data collection. On this basis, learning engagement levels are 
quantified through the fusion of subjective and objective evaluation indicators. 
Weekly self-report scale scores and course academic performance data are stan-
dardized and then fused with weight coefficients of 0.6 and 0.4, respectively, gen-
erating continuous weekly engagement labels yt ∈[0, 1], which serve as the ground 
truth for model training.

Raw mobile behavioral data generally suffer from noise redundancy, hetero-
geneous temporal granularity, and missing samples, making them unsuitable for 
direct model training. A multi-stage preprocessing scheme is therefore adopted 
to perform data cleaning and structured encoding. First, system anomaly data, 
short-duration accidental touch behaviors, and invalid data from non-learning 
periods are removed, reducing the interference of noise on modeling effectiveness 
at the source. Subsequently, a fixed time slice of five minutes is set, and temporal 
alignment and resampling are performed on multi-granularity heterogeneous 
data. Statistical features of various behaviors within each time slice are aggregated, 
and missing samples are imputed using linear interpolation or mask labeling. 
To meet the input requirements of subsequent models, unified behavioral feature 
representation is achieved through the combination of one-hot encoding and word 
embedding, thereby optimizing the semantic representation efficiency of high- and 
low-frequency behaviors. After preprocessing, the learning behaviors of a single 
participant within a single week are encapsulated as a complete temporal sequence 
Xi = {x1, x2, …, xL}, where x d

x

�
�R  denotes the multidimensional behavioral feature vec-

tor corresponding to the τ-th time slice, and L represents the total number of time 
slices within the week.

2.3	 Structural modeling of behavioral sequences based on the horizontal 
visibility graph and graph attention network

As shown in Figure 2, the abstract modules from Figure 1 are refined into con-
crete algorithmic-level implementation details, with three core micro-components 
being illustrated in detail: the horizontal visibility graph reconstruction and visibil-
ity criterion on the left, the graph attention network-based node feature encoding 
and attention mechanism in the middle, and the multi-task fusion and collaborative 
optimization mechanism at the top. The principles of behavioral sequence structural 
modeling based on the horizontal visibility graph and graph attention network are 
introduced below.
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Fig. 2. Model architecture for learning engagement prediction based  
on the topological graph structure and cross-modal fusion

Mobile learning interaction behaviors are inherently characterized by discrete 
temporal distribution and irregular inter-event intervals. Conventional time series 
modeling approaches can only capture short-term dependencies between adjacent 
time steps, rendering them incapable of representing latent coupling relationships 
among temporally distant behaviors. To overcome the limitations of time series mod-
eling, one-dimensional behavioral sequences are transformed into two-dimensional 
topological structures, and a structured reconstruction of behavioral data is accom-
plished through the horizontal visibility graph. The normalized behavioral intensity 
within each time slice is adopted as the node quantification metric, with each inde-
pendent time slice being mapped to a topological node vt. Node connectivity is then 
determined based on the visibility criterion, with the node connection rule defined 
as follows:

	 � � �c a b y y y e
c a b ab

�( , ): <min , 1( ) 	 (1)

where, a and b denote the indices of any two temporal nodes, c denotes all inter-
mediate temporal nodes within the interval between these two nodes, ya, yb, and yc 
represent the normalized behavioral intensities of the corresponding nodes, and eab 
is a binary connectivity indicator. This construction mechanism disregards temporal 
distance constraints, enabling efficient establishment of cross-period behavioral node 
associations and fully recovering long-range dependency characteristics inherent in 
mobile behaviors. Based on this rule, a topological graph Gt = (V, E) is constructed, 
where V is the set of all temporal nodes and E is the set of node-connecting edges. 
Structural metrics, including global efficiency, average clustering coefficient, and 
power-law exponent, are simultaneously extracted to quantify learners’ overall behav-
ioral patterns and dynamic fluctuation characteristics from a topological perspective.

To deeply mine the differentiated values of nodes within the topological network 
and to finely characterize the influence of key behaviors on learning states, a two-
layer multi-head graph attention network is constructed for node feature encoding. 
The number of attention heads is set to K = 4, enabling multi-dimensional capture 
of node association features while balancing computational cost. The network com-
putes the association strength between nodes using a learnable weight matrix and an 
attention vector. Dynamic weights adapted to mobile learning scenarios are obtained 
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through function activation and normalization, with node features being iteratively 
updated layer by layer. The core computational process is formalized as follows:
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where, W denotes a learnable shared weight matrix; a is an attention feature 
vector; h

v

l( ) and h
u

l( ) represent the feature vectors of the target node v and its neighbor-
ing node u at the l-th network layer, respectively;  denotes vector concatenation; Nv 
represents the set of neighboring nodes of the target node v; avu is the normalized 
attention weight; α

vu

k( ) and W (k) denote the weight coefficient and parameter matrix 
corresponding to a single attention head, respectively; and s is a non-linear activa-
tion function. During model training, additive attention global pooling is performed 
on all node features output by the network, yielding a graph-level embedding z

t

graph 
that characterizes the overall behavioral pattern of a single week. Additionally, 
an auxiliary task for classifying learning engagement patterns is introduced, with 
cross-entropy loss being used to constrain network parameter updates. Four typ-
ical learning engagement patterns are employed to optimize the representational 
direction of the embedding features, further strengthening the intrinsic association 
between topological features and learners’ engagement states.

2.4	 Cross-modal attention fusion network and learning engagement 	
trend prediction

Mobile multi-source learning data are inherently heterogeneous, with distinct dif-
ferences in representation spaces and information densities across modalities. Simple 
feature concatenation fails to capture dynamic cross-modal dependencies and can-
not reliably distinguish complex behavioral states such as focused engagement versus 
invalid page dwell. In this study, three categories of data are first encoded differentially. 
Temporal convolutional networks are used to compress behavioral sequence features, 
recurrent networks are employed to encode system behavioral data, and contextual 
features are dimensionally expanded. All modal features are then uniformly mapped 
into a RK d

m
× -dimensional space, where K denotes the temporal step length and dm rep-

resents the feature dimension of a single modality. The regularized features are sub-
sequently fed into a six-layer Transformer encoder for deep representation learning. 
The network hierarchy is constructed by combining multi-head self-attention with 
feed-forward units, along with layer normalization and residual connections to miti-
gate deep training deficiencies. The basic update equations are as follows:

	 � � �H LayerNorm H MSA Hl l l( ) ( 1) ( 1)� �� �( ) 	 (5)

	 H LayerNorm H FFN Hl l l( ) ( ) ( )� �� �� �( ) 	 (6)

where, H(l-1) and H(l) denote the input and output features of the l-th encoder layer, 
respectively, ′H l( ) is the intermediate feature after processing by the self-attention 
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module, and MSA and FFN represent the multi-head self-attention unit and the 
feed-forward network unit, respectively. To facilitate deep interaction among het-
erogeneous information, a cross-modal attention module is embedded within the 
intermediate layers of the encoder. Behavioral sequence features are adopted as 
the primary query, while system behavior and environmental context features are 
integrated to construct key and value vectors. Attention weights are adaptively allo-
cated according to the contribution of modal information under different contextual 
scenarios, enabling precise interpretation of the influence of external conditions on 
learning behaviors. The specific computation is formalized as follows:

	 Q H W K H H W V H H W
seq

l

Q sys

l

ctx

l

K sys

l

ctx

l

V
= = =( ) ( ) ( ) ( ) ( ), ,  	 (7)
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where, H
seq

l( ) , H
sys

l( ) , and H
ctx

l( )  are the hierarchical features of the behavioral sequence, 
system behavior, and environmental context, respectively; WQ, WK, and WV are 
learnable projection matrices associated with the query, key, and value transfor-
mations; Q, K, and V represent the query, key, and value vectors of the attention 
mechanism, respectively;  denotes feature concatenation; dk is the dimension of 
the query vector; and Ocross is the final output feature of the cross-modal attention 
module. The output of this module is residually fused with the original behavioral 
features, enabling bidirectional complementarity of multimodal information and 
fundamentally enhancing the model’s capacity to discriminate between differenti-
ated learning states.

Longitudinally collected mobile behavioral data generally suffer from sparse 
labeling and strong temporal fluctuations. A single regression task can easily lead 
to model overfitting and cannot adequately adapt to complex and variable mobile 
learning scenarios. To address this issue, a multi-task learning framework is con-
structed, in which the overall model performance is optimized through collabora-
tive training of primary and auxiliary tasks. The primary task targets the prediction 
of learning engagement levels in the upcoming week, with the distance between 
continuous predicted values and ground-truth labels being quantified using mean 
squared error. The loss function is defined as:

	 L
N

y y
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i

N

t

i

t
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1
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+1
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where, N denotes the total number of samples in a single batch, and ŷ
t

i

+1

( )  and 
y
t

i

+1

( )  represent the model-predicted value and the ground-truth label, respectively, 
of learning engagement for the i-th participant in the future week. For the auxiliary 
task, a sequence masking reconstruction strategy is introduced, in which features 
of a portion of time slices are randomly masked, and the corresponding behavioral 
categories are then reconstructed. Cross-entropy loss is employed to constrain the 
model in learning the intrinsic distributional regularities of behavioral sequences:

	 L
N

p type H
aux

mak i

N

i maked

mak

� �
�

1

1

� log |( ) 	 (10)

where, Nmak is the total number of behavioral time slices masked, and 
p type H

i maked
( | ) denotes the posterior probability predicted by the model for the i-th 
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behavioral category given the incomplete features Hmarked. A balancing coefficient  
λ = 0.3 is set to adjust the weights of the two tasks, and the two loss functions are 
integrated to obtain the overall optimization objective:

	 L = Lmain + l Laux	 (11)

where, Lmain and Laux are the loss values of the primary regression task and the 
auxiliary masked reconstruction task, respectively, and the hyperparameter λ is 
used to balance the contribution of the two tasks to parameter updates. Throughout 
the training process, a rolling-window training strategy is adopted. Multimodal data 
from four consecutive weeks are used as input to achieve temporal prediction of 
the learning engagement state in the fifth week. Effective samples are augmented 
through window sliding, aligning with the practical application mode of online 
dynamic prediction on mobile terminals.

3	 EXPERIMENTAL RESULTS AND ANALYSIS

3.1	 Experimental configuration

The experimental data collection period covered 16 complete teaching weeks, 
during which mobile learning interaction behaviors of multiple university students 
were continuously recorded. The collected data consisted of three heterogeneous 
modalities: application operations, system states, and spatiotemporal context. The 
dataset was temporally partitioned into training, validation, and test sets, with pro-
portions of 60%, 20%, and 20%, respectively. The test set was composed of samples 
from the end of the temporal sequence, thereby avoiding data leakage from the out-
set and aligning with the application scenario of online evaluation.

Model training was performed on a high-performance deep learning server. Mobile 
data collection, functional testing, and intervention experiments were deployed on 
multiple mainstream Android and iOS terminal devices. The algorithms were imple-
mented using a general-purpose deep learning framework and graph computing 
libraries. An early stopping strategy was introduced during training to mitigate over-
fitting. The network architecture and training hyperparameters were configured 
below. The overall architecture comprised a six-layer Transformer encoder, with the 
number of multi-head attention heads set to eight and the feed-forward network 
dimension configured to 2048. The graph attention network adopted a two-layer 
structure with four attention heads for feature learning. The unified single-modality 
feature dimension was 128, and the temporal step length was set to 7. The sequence 
masking ratio was set to 15%, the multi-task loss balancing coefficient was 0.3, and 
the rolling observation window length was set to four weeks. The training batch size 
was 32, and the maximum number of epochs was limited to 100. Parameter updates 
were performed using the AdamW optimizer, with an initial learning rate of 1×10-4 
and a weight decay coefficient of 5×10-5. Training was terminated when no improve-
ment in the validation set metrics was observed for ten consecutive epochs.

3.2	 Baseline model comparison experiment

The overall performance of the proposed complete framework was compared 
against conventional machine learning and mainstream temporal deep learning 
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models to validate the technical advantages of the topological structure modeling 
and cross-modal attention fusion strategy in mobile multimodal behavior predic-
tion tasks. The comparison groups were divided into two major categories: machine 
learning and temporal deep learning, including random forest, extreme gradient 
boosting, long short-term memory, gated recurrent unit, temporal convolutional net-
work, and the original Transformer without the horizontal visibility graph-graph 
attention network module. All models were trained with identical input data, train-
ing strategies, and base hyperparameters. The experimental results are presented in 
Table 1. In the table, * denotes p < 0.05 and ** denotes p < 0.01, indicating statistically 
significant differences compared with the proposed method.

Table 1. Comprehensive performance comparison of different models

Model
Root Mean Square 

Error (Mean ± 
Standard Deviation)

Mean Absolute Error 
(Mean ± Standard 

Deviation)

Coefficient of 
Determination (R²)

Classification 
Accuracy (%)

Inference Latency  
(ms)

Random forest 0.186 ± 0.008** 0.152 ± 0.007** 0.612 72.36 ± 1.12** 12.3

Extreme gradient  
boosting

0.174 ± 0.007** 0.141 ± 0.006** 0.657 74.15 ± 0.98** 14.6

Long short-term  
memory

0.168 ± 0.006** 0.135 ± 0.005** 0.681 75.82 ± 0.86** 28.5

Gated recurrent unit 0.165 ± 0.006** 0.132 ± 0.005** 0.694 76.14 ± 0.79** 27.2

Temporal convolutional  
network

0.159 ± 0.005** 0.127 ± 0.004** 0.713 77.53 ± 0.82** 31.8

Original Transformer 0.147 ± 0.005** 0.118 ± 0.004** 0.746 79.26 ± 0.75** 36.4

Proposed method 0.125 ± 0.004 0.098 ± 0.003 0.829 85.71 ± 0.63 41.2

In terms of regression metrics, the conventional machine learning models exhib-
ited relatively high overall errors and low goodness-of-fit, rendering them incapa-
ble of adequately characterizing the complex nonlinear features of mobile learning 
behaviors. The temporal deep learning models showed progressively improved per-
formance, with the original Transformer, relying on its self-attention mechanism, 
achieving the strongest baseline. However, intergroup comparisons revealed highly 
significant differences between the baseline models and the proposed method. 
Compared with the optimal baseline model, the proposed method reduced root mean 
square error and mean absolute error by 14.9% and 16.9%, respectively, increased 
the coefficient of determination (R²) by 0.083, and improved classification accuracy 
by 6.45 percentage points. Conventional temporal models can only capture short-
term dependencies between adjacent time steps and cannot adequately adapt to 
the irregular intervals and prominent long-range influence characteristics of mobile 
behaviors. In contrast, the combination of the horizontal visibility graph and the 
graph attention network effectively uncovered cross-period topological associations 
among behaviors. Regarding on-device inference efficiency, the latency of the pro-
posed model was slightly higher than that of the lightweight baseline models, but the 
overall latency remained within 50 ms, fully satisfying the operational requirements 
for real-time prediction on mobile terminals. Taken together, these results indicate 
that the proposed framework achieves a favorable balance between prediction 
accuracy and terminal deploy ability.
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3.3	 Core component ablation experiment

Through an ablation design involving the removal of single modules and the 
combined removal of multiple modules, the independent contributions and syner-
gistic effects of horizontal visibility graph topological modeling, graph attention net-
work embedding, and the masked reconstruction auxiliary task were quantitatively 
analyzed, thereby verifying the necessity of each functional module. Four compari-
son configurations were established, including three single-module removal experi-
mental groups and one dual-module combined removal group. The complete model 
was used as the reference benchmark, and the experimental environment was kept 
consistent across all groups. The test results are presented in Table 2.

Table 2. Core component ablation experiment results

Experimental Configuration
Root Mean Square 

Error (Mean ± Standard 
Deviation)

Mean Absolute Error 
(Mean ± Standard 

Deviation)

Coefficient of 
Determination (R²)

Classification 
Accuracy (%)

Removal of the horizontal visibility 
graph module

0.151 ± 0.006 0.122 ± 0.005 0.721 78.94 ± 0.81

Removal of the graph attention 
network module

0.144 ± 0.005 0.116 ± 0.004 0.745 80.27 ± 0.76

Removal of the masked reconstruction 
auxiliary task

0.133 ± 0.004 0.107 ± 0.004 0.783 82.19 ± 0.68

Simultaneous removal of the horizontal 
visibility graph and graph attention 
network modules

0.163 ± 0.007 0.134 ± 0.006 0.679 75.42 ± 0.93

Complete proposed model 0.125 ± 0.004 0.098 ± 0.003 0.829 85.71 ± 0.63

Comparison of the data across groups revealed that the removal of any module led 
to varying degrees of decline in overall model performance. When only the horizon-
tal visibility graph module was removed, the increase in model error was the largest, 
indicating that the transformation from temporal sequence to topological structure 
is a core component for capturing long-range dependencies in mobile behaviors. 
The absence of this module directly resulted in the loss of long-range behavioral 
association features. After the removal of the graph attention network module, 
adaptive weighted encoding of node features within the topological network could 
no longer be performed, thereby weakening the representational capacity of key 
behaviors, with the performance degradation being the second largest. The masked 
reconstruction auxiliary task enabled the extraction of intrinsic distributional reg-
ularities from behavioral sequences and effectively alleviated the overfitting prob-
lem caused by sparse labeled data on mobile terminals. After the removal of this 
task, a modest decline in model generalization ability was observed. When both 
the horizontal visibility graph and graph attention network modules were removed 
simultaneously, model performance dropped to the lowest level among all exper-
imental configurations, further demonstrating the strong synergistic relationship 
between topological modeling and graph feature encoding. These results collectively 
indicate that the three modules each fulfill distinct roles while cooperating with one 
another, together constituting a complete feature learning system, and that the pro-
posed module combination scheme is fully justified.
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3.4	 Effectiveness experiment of the cross-modal attention mechanism

To validate the performance advantages of dynamic cross-modal attention 
over single-modality modeling and direct feature concatenation and to supple-
ment fine-grained modality combination comparisons, the capability of the pro-
posed model to distinguish authentic learning engagement from spurious dwell 
behaviors on mobile terminals was examined. Five comparison configurations 
were established, covering a single behavioral modality, two-modality combina-
tions, three-modality direct concatenation, and the proposed cross-modal atten-
tion fusion scheme. The recognition accuracy for spurious engagement was 
introduced as a scenario-specific evaluation metric. The experimental results are 
presented in Table 3.

When relying solely on the single behavioral sequence modality, the model exhib-
ited the poorest performance across all metrics, indicating that system interaction 
states and spatiotemporal context contain substantial information that influences 
learning engagement. The two-modality combination schemes showed improved 
performance, but the improvement was limited due to insufficient cross-modal 
information interaction. Three-modality direct concatenation merely performed a 
simple superposition at the data dimension without modeling the dynamic asso-
ciations across different modalities and consequently exhibited weak ability to 
recognize spurious engagement behaviors. The proposed cross-modal attention 
mechanism adaptively allocates weights to each modality according to the real-
time context, thereby establishing deep associations among behavioral operations, 
system states, and environmental information. In the spurious engagement recog-
nition task, this scheme achieved an accuracy of 88.72%, which was substantially 
higher than that of the other comparison groups. As evidenced by the visualization 
of attention weights, the model can simultaneously associate two types of features—
prolonged page dwell and frequent application switching—enabling accurate dif-
ferentiation between focused learning and invalid operations. These results fully 
demonstrate the adaptability of the proposed mechanism to complex mobile inter-
action scenarios.

Table 3. Performance comparison of multimodal fusion schemes

Fusion Scheme
Root Mean Square 

Error (Mean ± Standard 
Deviation)

Mean Absolute Error 
(Mean ± Standard 

Deviation)

Coefficient of 
Determination (R²)

Classification 
Accuracy (%)

Spurious 
Engagement 
Recognition 

Accuracy (%)

Behavioral sequence 
modality only

0.162 ± 0.007 0.131 ± 0.006 0.687 76.58 ± 0.88 70.25 ± 1.21

Behavioral sequence + 
system behavior modality

0.149 ± 0.006 0.120 ± 0.005 0.732 79.11 ± 0.79 76.33 ± 1.05

Behavioral sequence + 
context modality

0.146 ± 0.005 0.117 ± 0.004 0.741 80.04 ± 0.72 74.18 ± 1.13

Three-modality direct 
concatenation

0.140 ± 0.005 0.112 ± 0.004 0.762 80.63 ± 0.69 79.46 ± 0.97

Proposed cross-modal 
attention fusion

0.125 ± 0.004 0.098 ± 0.003 0.829 85.71 ± 0.63 88.72 ± 0.84
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3.5	 Quantitative evaluation experiment of model interpretability

The comprehensive capability of the two-dimensional joint attribution method 
was evaluated from multiple perspectives. The differences between single-attribution 
schemes and the joint scheme were compared, and the dataset was stratified accord-
ing to different levels of learning engagement to perform a fine-grained analysis 
of attribution effectiveness. Three experts in the field of educational technology 
were invited to annotate the key behaviors within the samples. Three attribution 
schemes were tested: attention-weight-based attribution alone, gradient–activation- 
value-based attribution alone, and two-dimensional joint attribution. In addition to 
overall sample statistics, the dataset was further stratified into high, medium, and 
low engagement levels. Three metrics—normalized discounted cumulative gain 
(nDCG), mean ranking error, and Pearson correlation coefficient—were adopted for 
evaluation. The results are presented in Figure 3 and Table 4.

Fig. 3. nDCG comparison of different attribution schemes

Table 4. Comparison of mean ranking error and Pearson correlation coefficient  
across different attribution schemes

Attribution Scheme Mean Ranking Error Pearson Correlation 
Coefficient

Single attention-weight 
attribution

0.127 0.703

Single gradient–activation-value 
attribution

0.104 0.746

Two-dimensional joint 
attribution

0.061 0.852

The overall nDCG values of the two single-attribution schemes were both below 
0.75, with relatively high mean ranking errors, indicating substantial deviation from 
the expert-annotated results. Attention-weight attribution excels at capturing asso-
ciation logic across temporal and modal dimensions but inadequately characterizes 
the contribution magnitude of raw features. Gradient-activation-value attribution can 

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


	 116	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 20 No. 16 (2026)

Li

precisely quantify the influence of individual feature types, yet struggles to reflect tem-
poral dependencies among behaviors. The proposed two-dimensional joint attribution 
integrates the strengths of both approaches, achieving an overall nDCG of 0.827, which 
meets the practical application threshold, while maintaining stable performance 
across samples of different engagement levels. The mean ranking error was reduced 
to 0.061, and the Pearson correlation coefficient was increased to 0.852, demonstrat-
ing that both the ranking logic and the influence weights of the attribution results are 
highly consistent with expert judgments. This scheme can simultaneously identify key 
behavioral periods and core behavioral attributes, and the resulting conclusions can 
directly support the design of subsequent personalized intervention strategies.

4	 CONCLUSION

Aiming to address the challenges of modeling interaction behaviors in mobile 
learning scenarios, insufficient prediction accuracy of learning engagement, and 
weak model interpretability, a complete technical framework spanning from data 
collection to intelligent intervention was constructed in this study. Long-term col-
lection of multimodal behavioral data was accomplished through a self-developed 
cross-platform, non-intrusive sensing component, and learning engagement eval-
uation labels were generated by integrating subjective and objective indicators, 
thereby providing a reliable data foundation for model training. Topological repre-
sentation of temporal behaviors was achieved by combining the horizontal visibil-
ity graph with a graph attention network, effectively overcoming the limitations of 
conventional time series models and fully capturing long-range nonlinear depen-
dencies inherent in mobile interaction behaviors. A cross-modal attention module 
designed based on the Transformer architecture enabled adaptive fusion of hetero-
geneous features, and the incorporation of a multi-task learning strategy signifi-
cantly enhanced model stability and predictive performance under sparse label 
conditions while allowing authentic learning states to be accurately distinguished 
from invalid page dwell behaviors. Furthermore, result attribution was performed 
by integrating attention weights and gradient features, followed by the deployment 
of a mobile intervention scheme. Empirical results demonstrated that this strategy 
effectively improved learners’ engagement levels. The complete framework estab-
lished a closed-loop intelligent application that integrates perception, modeling, pre-
diction, and optimization and can serve as a feasible technical reference for similar 
research on mobile human–computer interaction behavior analysis.
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