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ABSTRACT

The lack of information literacy among learners in open education has become a core
bottleneck hindering global access to high-quality education. Existing mobile learning inter-
ventions suffer from unclear objectives and fragmented processes, with disputes over the
fragmented value of mobile learning remaining unaddressed. Traditional learning analytics
frameworks are also inadequate to meet the real-time and contextual needs of ubiquitous
mobile learning environments. This study aims to develop a mobile-specific information
literacy enhancement framework, ML-ILMDF, based on a contextualized literacy development
model. The framework specifies its technical implementation details and establishes dynamic
coupling strategies for context and literacy to provide precise interventions. The study system-
atically validates the educational effectiveness, core mechanism rationality, and engineering
feasibility of the framework. A quasi-experimental study with 320 global open university
learners, lasting 16 weeks, integrates multi-source mobile data collection, five-dimensional
information literacy assessments, and sub-studies using dynamic hypergraphs and collab-
orative filtering recommendation algorithms for comparison. Simultaneously, the technical
performance evaluation of the framework is conducted. The innovation of this study lies
in proposing a contextualized literacy development model that achieves dynamic coupling
between micro-contexts and macro-literacy, clarifying the mobile-specific technical archi-
tecture and implementation details of ML-ILMDF to overcome the limitations of traditional
frameworks. It empirically addresses the fragmented nature of mobile learning and offers a
practical, actionable paradigm for cultivating information literacy in open education through
mobile learning technologies.
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1  INTRODUCTION

Open education, as the core pillar of lifelong learning systems [1-3], is a key path
for achieving the United Nations Educational, Scientific and Cultural Organization’s
(UNESCO) Education 2030 Agenda for Quality Education. Its quality improvement
is deeply intertwined with the global process of educational equity. However, eval-
uations by the Organization for Economic Co-operation and Development (OECD)
have confirmed that the lack of information literacy has become the core bottleneck
restricting the advancement of open education quality [4]. Most open education
learners exhibit significant weaknesses in key abilities such as information retrieval,
critical evaluation, and ethical norms, which makes it difficult to adapt to the learn-
ing and development needs of the digital age [5, 6].

The rapid evolution of mobile computing technology provides new possibilities
for enhancing information literacy in open education [7, 8]. The low-latency char-
acteristics of edge computing and its ubiquitous contextual sensing capabilities [9]
hold the potential to break the time-space limitations of traditional education mod-
els and create personalized literacy enhancement environments. However, existing
mobile learning interventions still face two core challenges: on the one hand, inter-
vention strategies generally lack contextual adaptation, have broad approaches, and
are fragmented [10, 11], failing to fully exploit the unique value of mobile learning
environments; on the other hand, the value disputes over mobile learning fragmen-
tation remain unresolved. Some studies argue that fragmentation could sever the
knowledge system [12, 13], yet supportive evidence often lacks systematic empirical
support [14]. More critically, traditional learning analytics frameworks overly rely
on learning management system log data, which lacks real-time capabilities and
weakly adapts to terminal devices [15-17], thus failing to meet the dynamic inter-
vention needs of ubiquitous mobile learning environments and making it difficult to
achieve effective synergy between context and literacy development.

These issues point to a core research gap, namely the lack of a mobile-specific
learning analytics framework that balances dynamic coupling of context and
literacy, technological feasibility, and educational effectiveness. Therefore, this study
focuses on the central proposition of enhancing information literacy in open edu-
cation through mobile learning technology and systematically conducts framework
construction, strategy design, and empirical validation.

The core research questions of this study include: How to construct the ML-ILMDF
framework driven by the contextualized literacy development model, and what
are its mobile-specific technical architecture and key implementation details? Can
the intervention strategies supported by the ML-ILMDF framework significantly
improve the information literacy of open education students, and can fragmented
scenarios be transformed into advantageous literacy-enhancing environments?
What is the effectiveness of the core mechanisms of the ML-ILMDF framework,
including dynamic hypergraph association and closed-loop iteration, and does it
exhibit significant advantages over traditional collaborative filtering algorithms?
Do the technical performance indicators of the ML-ILMDF framework, such as rec-
ommendation response latency and energy consumption, meet the engineering
application requirements of mobile terminals? The corresponding research objec-
tives are: to clarify the theoretical foundation, technical architecture, and core mod-
ule implementation details of the ML-ILMDF framework; to design personalized
mobile intervention strategies based on the framework; to verify the educational
effectiveness, core mechanism rationality, and technical feasibility of the frame-
work through a quasi-experimental study; and to address the controversy of mobile
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learning fragmentation and elevate the theory of information literacy cultivation in
mobile environments.

The structure of the paper is arranged as follows: First, the theoretical founda-
tion and core technical details of the ML-ILMDF framework are explained. Next, the
experimental design and validation process is presented, including sample selection,
variable setting, data collection and analysis methods, and the verification results of
educational effectiveness and technical performance. Finally, the research conclu-
sions are summarized, limitations are pointed out, and future research directions
are suggested.

2  THEORETICAL FRAMEWORK AND RESEARCH DESIGN
2.1 Theoretical foundation: Contextualized literacy development model

The Contextualized Literacy Development Model is the core theoretical support for
the ML-ILMDF framework. Its core idea is to establish a dynamic coupling relation-
ship between micro-contextual elements and macro information literacy objectives
and achieve collaborative optimization. The micro-contextual elements include frag-
mentation and immersive differences in the time dimension, distinctions between
commuting and home learning environments in the location dimension, online and
offline states in the network dimension, and solitary versus collaborative modes in
the social dimension. The macro information literacy objectives focus on five core
abilities: information retrieval, critical evaluation, knowledge integration, informa-
tion ethics, and innovative application. The coupling logic between these elements
manifests as dynamic matching of literacy development needs based on contextual
features and precise regulation of intervention intensity and form. The model fol-
lows a four-stage dynamic evolution mechanism of contextual perception, associa-
tion matching, intervention implementation, and feedback iteration, continuously
capturing changes in context and literacy status to achieve adaptive optimization of
intervention strategies. The construction of this model relies on three core theories:
Contextual Learning Theory provides theoretical guidance for the precise identifica-
tion and capture of micro-contexts, ensuring the adaptability of intervention strat-
egies to learners’ real-time learning environments; Cognitive Load Theory supports
the design of low-cognitive-load tasks in fragmented scenarios, reducing learning
cognitive burden by controlling task complexity and duration, thereby improving
literacy training efficiency; and Multi-Task Reinforcement Learning Theory pro-
vides algorithmic logic for dynamic coupling optimization between context and lit-
eracy, achieving collaborative accomplishment of multi-dimensional intervention
goals and iterative evolution of strategies.

2.2 ML-ILMDF framework's technical architecture and core module
implementation details

The ML-ILMDF framework adopts a layered architecture design that inte-
grates lightweight computation on the terminal side with cloud-side collaborative
optimization. The core purpose is to balance the limited computing resources of
mobile terminals with the real-time needs of intervention strategies in ubiquitous
mobile learning environments. The overall architecture is divided into four lay-
ers: the Perception Layer, the Computing and Association Layer, the Decision and
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Intervention Layer, and the Feedback and Iteration Layer. These layers cooperate
efficiently through a lightweight data interaction protocol, forming a full-cycle pro-
cess of real-time data collection, instant analysis, precise intervention, and dynamic
iteration. The Perception Layer is responsible for the unconscious collection and
initial processing of multi-source data, providing foundational data support for sub-
sequent analysis. The Computing and Association Layer is responsible for modeling
the association between context and literacy, constructing dynamic coupling rela-
tionships. The Decision and Intervention Layer outputs personalized intervention
strategies based on the modeling results. The Feedback and Iteration Layer collects
multi-dimensional feedback from the learning process to drive the dynamic optimi-
zation of the model and strategies. The framework’s technical stack fully adapts to
both i0S and Android mobile operating systems and integrates an offline degrada-
tion operation mechanism, allowing core models and resources pre-stored on the
terminal to perform basic intervention tasks when there is no network, ensuring
continuity and stability in the learning process.
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Fig. 1. Mobile literacy enhancement model for open education students under the ML-ILMDF framework

Figure 1 illustrates the mobile literacy enhancement model for open education
students supported by the ML-ILMDF framework. It covers core modules such as
literacy enhancement goals, mobile learning environments, intelligent decision inter-
ventions, ubiquitous learning by learners, dynamic literacy assessments, adaptive
resources, and feedback loops. Based on the Contextualized Literacy Development
Model, it visually presents the interactive logic and closed-loop operation mechanism
of each link. Figure 2 shows the layered architecture of the ML-ILMDF framework
and the corresponding model of five-dimensional information literacy (A1-A5).
The five-layer structure is associated with the literacy dimensions A1 Information
Retrieval, A2 Critical Evaluation, A3 Knowledge Integration, A4 Information Ethics,
and A5 Innovative Application, clearly presenting the core functions and resource
types corresponding to each literacy layer and visually reflecting the precise coupling
logic between the framework’s technical modules and the five-dimensional infor-
mation literacy development needs.
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Fig. 2. Layered architecture of the ML-ILMDF framework and corresponding model
of five-dimensional information literacy (A1-A5)

The core function of the Perception Layer is to achieve the unconscious collection
and efficient preprocessing of mobile multi-source data, providing high-quality data
support for subsequent contextual perception and literacy evaluation. This layer
uses a lightweight SDK for event tracking combined with multi-sensors on mobile
terminals to build a collection system that integrates GPS, network status sensors,
and accelerometers to capture environmental and behavioral information. It also
supports audio data collection to analyze voice search behavior, with a sampling
rate and bit depth set at 16 kHz and 16 bits, respectively, to balance data quality and
resource consumption. The collected data covers three core dimensions: behavioral
data includes search keywords, resource access trajectories, and task completion
records; contextual data includes learning periods, location types, network types,
and terminal battery levels; and output data includes assignments and analysis
reports submitted from the mobile terminal, supporting text, PDF, and image OCR
recognition formats. The preprocessing flow uses an edge computing and cloud-side
collaborative model, with the terminal completing lightweight preprocessing based
on the TensorFlow Lite framework. The core process is outlier removal based on the
3o principle, with the judgment criteria being:

|xX—ul>30c (D

where, x is a single data sample, u is the mean of the data sequence, and o is
the standard deviation of the data sequence. This criterion accurately filters out
outlier data points, followed by data cleaning and initial feature extraction. Data
transmission uses the MQTT lightweight protocol to reduce latency and energy con-
sumption, while the cloud is responsible for data fusion and deep feature encoding.
For performance assurance, the preprocessing delay on the terminal side is con-
trolled within 100 ms, data transmission latency does not exceed 200 ms, and the
overall Perception Layer delay is < 300 ms.

The Computation and Association Layer is the core technological innovation
module of the ML-ILMDF framework. It achieves precise association and dynamic
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updating of context, resources, and literacy states through a dynamic hypergraph
engine. The primary task is to build a lightweight domain knowledge graph. The
knowledge granularity adopts a micro-knowledge point splitting strategy, focusing
on single concepts and single skill points. The node dimension integrates knowl-
edge entities and resource metadata, which include resource type, difficulty level,
and mobile adaptability as three main attributes. The storage architecture adopts
a layered optimization design, with the terminal side deploying the Neo4jMobile
lightweight graph database to support offline access to core nodes. The offline data
volume is controlled within 500 MB, while the cloud side expands the full graph
through distributed storage. The dynamic hypergraph construction centers on the
triadic hyperedges of literacy status, resources, and context, with the hyperedge
weight calculation being the core algorithm of this layer. Its formula is:

W=o-SL,R)+ - C(Ctx,R) (2)

where, a=0.6 and f=0.4 are the weight coefficients, S (L, R) is the literacy-resource
matching function, and C (Ctx, R) is the context-resource adaptation function.
The update mechanism is driven by terminal feedback data, adjusting the hyper-
edge weight in real-time based on indicators such as resource access duration and
task completion rate. The update cycle is < 5 minutes, using an incremental update
algorithm to avoid full reconstruction for efficiency, with the terminal-side update
delay controlled within 150 ms. In terms of technical parameters, the total num-
ber of hypergraph nodes does not exceed 100,000, with the terminal-side cache
node < 10,000. The hyperedge construction delay and update delay are controlled
within 200 ms and 150 ms, respectively, ensuring real-time association demands in
mobile environments.

The Decision and Intervention Layer uses a lightweight multi-task reinforcement
learning engine to achieve precise decision-making and personalized intervention
strategy output based on literacy status and contextual features. This layer adopts a
MobileNetV2 and multi-head attention fusion gated network architecture. The input
feature vector integrates 128-dimensional literacy status encoding, 32-dimensional
contextual features, and 64-dimensional learning context, with the output com-
pleting three decision sub-tasks: resource recommendation, path planning, and
intervention triggering. The core of multi-task collaborative optimization lies in the
design of the reward function, which combines short-term and long-term objectives
to construct an overall reward mechanism. Its formula is:

R=03r +0.7r,

where, r, is the short-term reward, r, is the long-term reward, and the weight
distribution emphasizes the core goal of long-term literacy development. The opti-
mization algorithm adopts a lightweight improved proximal policy optimization
algorithm, with the model parameter size controlled within 5 million to fit the com-
putational limitations of mobile terminals. For mobile adaptation, a layered deploy-
ment strategy is used. The terminal side deploys the inference layer based on the
TensorFlow Lite framework, using INT8 quantization technology to compress the
model size and improve running efficiency, ensuring inference delay < 100 ms.
The cloud side deploys the training layer, supporting an incremental model update
mechanism, only transmitting parameter differences to reduce traffic consumption.
Intervention strategy output is dynamically adapted to context, with fragmented
scenes pushing micro-tasks and audio-video resources with a duration < 10 minutes.
Offline scenarios push pre-downloaded documents and self-verification tasks,
achieving precise matching of context and strategy.
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The Feedback and Iteration Layer is responsible for multi-channel feedback
collection and full-process strategy optimization, constructing a closed-loop enhance-
ment mechanism for decision-making and intervention. Feedback data covers both
explicit and implicit dimensions: explicit feedback includes terminal star ratings,
voice comments (processed by speech-to-text), and simplified questionnaires, directly
obtaining learners’ subjective evaluations. Implicit feedback is derived from behav-
ioral data such as resource jump rates, task completion duration, repeated learn-
ing instances, and terminal stay duration, uncovering learners’ objective needs. The
iteration mechanism uses a terminal-cloud collaborative mode: the terminal side
dynamically adjusts strategy weights based on real-time feedback data, prioritiz-
ing resource recommendations; the cloud side integrates all data weekly to update
model parameters and optimize the hypergraph structure while also introducing
an experience replay mechanism from reinforcement learning to improve model
training efficiency and stability of strategy iteration. This layer ensures dynamic
evolution of intervention strategies through multi-dimensional feedback collection
and hierarchical iterative optimization, ensuring that the ML-ILMDF framework can
continuously adapt to changes in learners’ states and contexts.

3  EXPERIMENTAL DESIGN AND VALIDATION
3.1 Experimental design

This study adopts a quasi-experimental design combined with sub-research to
systematically validate the educational effectiveness and core mechanism ratio-
nality of the ML-ILMDF framework. A total of 320 learners from two global open
universities are selected as the study subjects. They are randomly assigned to an
experimental group and a control group, with 160 people in each group. The experi-
mental group is further randomly divided into the dynamic hypergraph recommen-
dation group and the collaborative filtering recommendation group, with 80 people
in each, constituting sub-research to validate the unique advantages of the dynamic
hypergraph engine. To ensure the effectiveness of the experiment, an independent
samples t-test is used to verify the homogeneity of baseline information between
the two groups. The core verification dimensions include initial information liter-
acy levels and mobile learning habits, ensuring no statistical differences between
the groups after assignment. The experimental variables are clearly defined. The
independent variable is the intervention strategy driven by the ML-ILMDF frame-
work, primarily covering contextualized resource recommendations, fragmented
path planning, and immediate intervention. The sub-research independent vari-
able is the type of recommendation algorithm. The dependent variables include
the five-dimensional information literacy level, strategy adaptation, and core tech-
nical performance indicators. The learning course, teacher guidance method, and
terminal type are set as control variables to eliminate interference. The intervention
period lasts for 16 weeks, with the first 4 weeks as the pre-experiment phase, mainly
for optimizing the framework’s technical parameters and ensuring the smooth con-
duct of the formal experiment.

Data collection adopts a mixed research method with multiple tools to ensure
comprehensiveness and reliability. The core data collection relies on a dual-system
mobile application developed based on the ML-ILMDF framework. This applica-
tion is compatible with both i0OS and Android systems and includes data collection
and technical performance monitoring modules, enabling unconscious collection
of learning behavior and contextual data. Information literacy level assessment
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uses a five-dimensional scale with verified reliability, consisting of 25 items, with a
Cronbach’s alpha coefficient of 0.89. The assessment is conducted three times: at the
beginning of the experiment, in week 8, and in week 16, to track dynamic changes
in literacy levels. To supplement qualitative data, 30 learners from the experimen-
tal group, covering different initial literacy levels, are selected for semi-structured
interviews, focusing on strategy adaptation and fragmented learning experiences.
Technical performance monitoring uses professional tools. Android and i0S systems
use Android Studio Profiler and Xcode Instruments to monitor energy consumption
and response latency, while custom log modules record the usage of offline func-
tions, fully verifying the engineering feasibility of the framework.

3.2 Experimental verification results

Sample baseline and homogeneity verification results. The sample baseline
characteristics and homogeneity verification results are shown in Table 1. There are
no statistical differences between the experimental and control groups in the core
baseline indicators, validating the scientific and effective grouping. Specifically, in
terms of age, the experimental group had an average of 28.6 + 5.3 years, and the
control group had an average of 29.1 + 5.6 years, t = 0.82, p=0.413; the gender ratio of
the two groups was similar, t=0.12, p = 0.904, with balanced demographic character-
istics. In terms of information literacy baseline, the experimental group’s initial score
was 62.3 + 8.5, and the control group’s score was 61.8 £ 8.9, t =0.47, p = 0.638; for the
five sub-dimensions, the A1 dimension for the experimental group was 12.1 + 2.3 and
for the control group 11.9 + 2.5, the A2 dimension for the experimental group was
11.8 £ 2.4 and for the control group 11.6 + 2.6, and the differences between groups in
A3 to A5 were also not significant. Regarding mobile learning-related characteristics,
the experimental group had a mobile learning frequency of 4.2 £ 1.5 times/week and
the control group 4.1 £ 1.6 times/week; the duration of terminal use was 2.3 £ 0.8 years
for the experimental group and 2.4 £ 0.9 years for the control group, further eliminat-
ing the impact of learning habit differences on the experimental results and laying
the foundation for accurate attribution of intervention effects in subsequent stages.

Table 1. Baseline characteristics and homogeneity verification results of the experimental
and control groups

Indicator Experimental Control Group

t-Value p-Value

Group (n = 160) (n=160)
Age (years) 286+5.3 29.1+5.6 0.82 0.413
Gender Ratio (Male/Female, %) 48.7/51.3 49.4/50.6 0.12 0.904
Initial Information Literacy Total Score 62.3£85 61.8+89 0.47 0.638
Initial A1 Dimension Score 121+23 119425 0.64 0.522
Initial A2 Dimension Score 118+24 11.6+26 0.58 0.562
Initial A3 Dimension Score 12.5+£2.2 12.3+£23 0.71 0478
Initial A4 Dimension Score 124+21 122+22 0.69 0.490
Initial A5 Dimension Score 13.5£2.0 13.3£2.1 0.75 0.453
Mobile Learning Frequency (times/week) 42+15 41+16 0.53 0.596
Duration of Mobile Terminal Use (years) 23£0.8 24£09 0.98 0.328
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Educational effectiveness verification.

1. H1 Verification: The Effect of ML-ILMDF Framework Intervention on the
Improvement of Five-Dimensional Information Literacy

The changes over time and group comparisons of the five-dimensional infor-
mation literacy scores for the experimental and control groups are shown in
Table 2. H1 is confirmed. In terms of the time dimension, the experimental group
showed a sustained and significant upward trend in the five-dimensional literacy
scores from TO to T2: the A1 dimension increased from 12.1 £ 2.3 to 18.9 + 1.8, the
A2 dimension from 11.8 + 2.4 to 20.3 + 1.7, the A3 dimension from 12.5 + 2.2 to
19.2 + 1.6, the A4 dimension from 12.4 + 2.1 to 18.7 £ 1.5, the A5 dimension from
13.5 +£ 2.0 to 19.5 + 1.4, and the total score from 62.3 + 8.5 to 96.6 + 6.8. Repeated
measures ANOVA showed that the F-values for all dimensions and the total score
were >38, p < 0.001, and the effect size n? was >0.54. For the total score, F = 42.36,
n%= 0.58, indicating that the intervention effect is highly statistically significant
and has practical educational meaning. Although the control group also showed
slight improvement, the improvement was marginal, with the total score increas-
ing from 61.8 + 8.9 to 71.6 £ 7.5, F = 6.89, p = 0.009, n? = 0.11, and n? for each
sub-dimension was < 0.11. Group comparison at the T2 time point showed that
the experimental group’s scores in all dimensions and the total score were signifi-
cantly higher than those of the control group, with t-values ranging from 9.63 to
11.32, p < 0.001, and Cohen’s d values >0.77, with the most significant improve-
ment observed in the A2 dimension. This confirms that the intervention strategy
driven by the ML-ILMDF framework can effectively enhance the five-dimensional
information literacy of open education students.

Table 2. Time changes in the five-dimensional information literacy scores of the experimental
and control groups, and intergroup comparison

Inter-Group

Literacy Repeated )
Dimension Group Measures ANOVA Post'Test
Comparison (T2)
Al Experimental | 121423 | 15.6+2.1 | 189+ 18 | F=3862,p<0.001,
n'=054 t=9.86,p<0.001,
Control 119425 | 128+23 | 142+2.1| F=532,p=0022, | 4=079
n°=008
A2 Experimental | 11.8+2.4 | 162%2.2 | 203+ 17 | F=45.78, p < 0.001,
m°=061 t=11.32,p< 0001,
Control 116426 | 125+24 | 138422 | F=486,p=0029, | 4=088
=007
A3 Experimental | 12.5+22 | 158+20 | 192+ 16 | F=41.5, p <0001,
n’=057 t=10.15, p < 0.001,
Control 123423131422 | 145+20 | F=568,p=0018, | 4=083
2 =009
A4 Experimental | 124421 | 155+ 19 | 187415 | F=39.47, p <0.001,
N’ =055 £=9.63, p < 0.001,
Control 122422129421 |139+18 | F=453,p=0034, |4=077
n'=006

(Continued)

136 International Journal of Interactive Mobile Technologies (iJIM) iJIM [ Vol. 20 No. 10 (2026)


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

Exploring Strategies to Enhance Students’ Information Literacy in Open Education through Mobile Learning Technologies

Table 2. Time changes in the five-dimensional information literacy scores of the experimental and control
groups, and intergroup comparison (Continued)

Inter-Group

Literacy Repeated
Dimension ) 12 Measures ANOVA LAk G
Comparison (T2)
45 Experimental | 13.5+2.0 | 163+18 | 195+ 14 | F=43.19, p <0.001,
n°=059 t=1057,p < 0.001,
Control 133421 |141£19 | 152+ 16 | F=624,p=0013, | 4=085
n?=0.10
Total Score | Experimental | 62.3+85 | 794+ 7.6 | 96.6+6.8 | F=42.36,p <0.001,
n’=058 t=10.24, p <0.001,
Control 61.8+89 | 654482 |71.6+7.5 | F=689,p=0009, |4=082
n?=0.11

2. H2 Verification: Intervention Effect Differences in Different Learning Scenarios

The comparison results of the information literacy improvement in fragmented
and immersive scenarios within the experimental group are shown in Table 3,
supporting H2 and confirming that fragmented scenarios can be converted into
advantageous settings for literacy training. Specifically, the total improvement in
fragmented scenarios was 18.6 + 3.2, significantly higher than the 12.3+ 2.8 in immer-
sive scenarios, t = 7.56, p < 0.001. Among the sub-dimensions, the A2 dimension
in fragmented scenarios showed the highest improvement, 1.6 times that of the
immersive scenario, t = 9.36, p < 0.001. The A1 dimension improved by 7.2 + 1.5 in
fragmented scenarios and 4.8 £ 1.3 in immersive scenarios. The improvements
in the A3 to A5 dimensions in fragmented scenarios were significantly higher than
in immersive scenarios. These results indicate that the micro-task light-resource
strategy designed for fragmented scenarios in the ML-ILMDF framework can more
efficiently drive literacy improvement, responding to the debate about the potential
harms of mobile learning fragmentation.

Table 3. Comparison of information literacy improvement in different learning scenarios
within the experimental group

Fragmented Immersive

Literacy Dimension Scenario (n = 92) S (s t-Value
AT Improvement 72+15 48+13 8.12 <0.001
A2 Improvement 85+16 53+14 9.36 | <0.001
A3 Improvement 6.7+14 45+£12 789 | <0.001
A4 Improvement 6.3+13 42+11 745 <0.001
A5 Improvement 6.0+12 41+£10 723 | <0.001
Total Improvement 186+3.2 123+238 7.56 | <0.001

Core mechanism effectiveness verification.
3. H3 Verification: Optimization Effect of the Closed-Loop Iteration Mechanism

The effectiveness of the closed-loop iteration mechanism was verified through
the iteration trend of recommended resource types for the A2 dimension and

changes in strategy adaptability, as shown in Table 4. H3 is confirmed. The data

iJIM | Vol. 20 No. 10 (2026) International Journal of Interactive Mobile Technologies (iJIM) 137


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

Zhang and Liu

show that as the experimental period progressed, the recommended resource types
for the A2 dimension underwent significant iterative evolution: in weeks 1-4, the
proportion of basic factual materials was 65%, opposing viewpoint materials were
15%, and case analysis materials were 20%; by weeks 13-16, the proportion of basic
factual materials decreased to 23%, opposing viewpoint materials increased to 58%,
and case analysis materials remained stable. Simultaneously, the strategy adaptabil-
ity increased from 6.2 + 1.3 points in weeks 1-4 to 8.9 + 0.7 points in weeks 13-16,
with an improvement of 37.2%. Correlation analysis showed a significant positive
correlation between the number of iterations and the improvement in literacy, indi-
cating that the closed-loop iteration mechanism can dynamically optimize resource
recommendation directions and continuously improve the adaptability between
strategies and literacy development needs, ensuring the long-term effectiveness of
literacy improvement.

Table 4. Iteration distribution of recommended resource types for A2 dimension
and changes in strategy adaptability

Basic Factual Opposing Viewpoint Case Analysis  Strategy Adaptability

TR (] Materials (%) Materials (%) Materials (%) (Points/10)

Weeks 1-4 65 15 20 6.2+£1.3

Weeks 5-8 48 32 20 75+1.1

Weeks 9-12 35 45 20 83+09

Weeks 13-16 23 58 19 89+0.7

Change Amount —42 +43 -1 +2.7 (Improvement 37.2%)

4. H4 Verification: Effect Differences Between Dynamic Hypergraph
Recommendation and Collaborative Filtering Recommendation

Table 5. Comparison of improvement effects of different recommendation algorithms on the A2 dimension

Dynamic Hypergraph Collaborative Filtering

e Recommendation Group Recommendation Group AT | TG | ERlema

TO A2 Score 119+24 117125 0.45 0.652 0.08
T1 A2 Score 16.5+2.2 143£23 587 | <0.001 0.96
T2 A2 Score 204+1.7 142+29 8.32 <0.001 0.76
Total 21.5+£35 142+29 832 | <0.001 0.76
Improvement

Resource Click 82.3+6.5 68.5+7.2 798 | <0.001 0.85
Accuracy (%)

The comparison of the effects of different recommendation algorithms on the
A2 dimension in the sub-research is shown in Table 5, supporting H4 and confirming
the superiority of dynamic hypergraph recommendation. The baseline A2 dimension
scores for both groups showed no difference. Over time, the dynamic hypergraph
recommendation group showed a continuous rapid increase in A2 scores, reach-
ing 16.5 + 2.2 at T1 and 20.4 £ 1.7 at T2, with a total improvement of 21.5 + 3.5.
The collaborative filtering recommendation group reached 14.3 + 2.3 at T1 and only
14.2 £ 2.9 at T2, with a total improvement of 14.2 £ 2.9. The comparison of total
improvement between the two groups showed t=8.32,p<0.001, and Cohen’sd=0.76,
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and the difference is of practical educational significance. In addition, the dynamic
hypergraph recommendation group had significantly higher resource click accu-
racy and task completion rates compared to the collaborative filtering group, with
t-values of 7.98 and 8.15, respectively, and p < 0.001, confirming that the literacy-
resource-context triadic association mechanism built by dynamic hypergraphs can
more accurately match learning needs and is superior to traditional collaborative
filtering algorithms in improving critical evaluation literacy.

Technical performance validation. To clarify the support effect of the
ML-ILMDF mobile literacy platform on learners at different information literacy
stages, this experiment collected learners’ evaluation data on the platform’s core
dimensions at different literacy stages and plotted a radar chart. As shown in
Figure 3, learners in the initial stage of literacy evaluated the resource adaptabil-
ity at nearly 80%, significantly higher than other dimensions, indicating that the
platform’s resources in the early stages can accurately match the entry-level needs
of low-literacy stages. As learners’ literacy progressed to the mid and late stages,
evaluations of operational convenience, interface friendliness, and strategy target-
ing gradually improved, reflecting that the platform’s intervention strategies could
adapt to the changing needs during the literacy improvement process. In the stable
literacy stage, learners maintained high evaluations of functional completeness and
feedback timeliness, indicating that the platform’s closed-loop intervention process
could support the long-term stability of literacy improvement.

——Early Stage of Literacy ——Mid Stage of Literacy ——Late Stage of Literacy —=— Stable Stage of Literacy

Resource Adaptability
80%

70%
60%

Timeliness of Feedback Ease of Operation

Usability User Interface Friendliness

Functional Completeness Strategy Targeting

Fig. 3. Radar chart of learners’ evaluation of the ML-ILMDF mobile literacy platform
at different stages of literacy improvement

4  CONCLUSION

This study focused on the core proposition of enhancing information literacy in
open education through mobile learning technology. Through theoretical construc-
tion, technical development, and empirical verification, it systematically explored
effective pathways for context-adaptive literacy cultivation and formed the follow-
ing core conclusions.
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In terms of core findings, the contextualized literacy development model provides
a scientifically effective theoretical guide for information literacy cultivation in open
education in mobile environments. The model’s dynamic coupling logic between
micro-contexts and macro-literacy effectively solves the problem of missing context
adaptation in traditional intervention strategies. The ML-ILMDF framework devel-
oped based on this model integrates edge computing, dynamic hypergraphs, and
lightweight reinforcement learning technology architecture, which offers signifi-
cant mobile-specific advantages. Experimental verification shows that this frame-
work can not only significantly enhance open education students’ five-dimensional
information literacy, with excellent effect size and statistical significance, but also
meet the engineering application requirements for mobile terminals, achieving a
unity of educational effectiveness and technical feasibility. Furthermore, the study
confirmed that fragmented scenarios can be converted into advantageous settings
for literacy training through precise strategies of micro-tasks and light resources,
providing direct empirical support for resolving the controversy over the value of
mobile learning fragmentation.

The core contributions are reflected in three dimensions: theoretical, technical,
and practical. Theoretically, the study proposes the contextualized literacy devel-
opment model, which clearly defines the dynamic coupling mechanism between
context and literacy for the first time, enriching the integration of situational learn-
ing theory and information literacy cultivation theory in the field of learning sci-
ence. Technically, it systematically defines the layered architecture and core module
implementation details of the ML-ILMDF mobile-exclusive framework, overcoming
the adaptation limitations of traditional learning analysis frameworks in mobile
ubiquitous scenarios and providing a technical paradigm for the precise develop-
ment of mobile educational technologies. Practically, it forms a technically feasible
and strategy-replicable full-process plan for cultivating mobile information liter-
acy in open education, covering key links such as framework deployment, strategy
design, and effect evaluation, providing direct references for open education institu-
tions and technology developers.

5  REFERENCES

[1] A. D. Samala, D. Mhlanga, L. Bojic, N.-J. Howard, and D. P. Coelho, “Blockchain tech-
nology in education: Opportunities, challenges, and beyond,” International Journal of
Interactive Mobile Technologies, vol. 18, no. 1, pp. 20-42, 2024. https://doi.org/10.3991/
1jim.v18i01.46307

[2] S.S.Tang, W. E. Beh, and K. S. L. Cheah, “The role of lecturers’ Al leadership in enhancing
postgraduate student teachers’ integration of mobile Al tools: A mixed-methods study in
Malaysian education faculties,” International Journal of Interactive Mobile Technologies,
vol. 19, no. 7, pp. 136-158, 2025. https://doi.org/10.3991/ijim.v19i07.51971

[3] S. Gurell, Y. C. Kuo, and A. Walker, “The pedagogical enhancement of open educa-
tion: An examination of problem-based learning,” International Review of Research in
Open and Distributed Learning, vol. 11, no. 3, pp. 95-105, 2010. https://doi.org/10.19173/
irrodl.v11i3.886

[4] M. Pinto and A. Segura, “Toward a conceptual framework on mobile information liter-
acy in higher education,” The Journal of Academic Librarianship, vol. 51, no. 3, p. 103051,
2025. https://doi.org/10.1016/j.acalib.2025.103051

[5] C. Cassar, “Addressing transformative education and governance through the sustain-
able development goal 4: A case study,” Opportunities and Challenges in Sustainability,
vol. 1, no. 2, pp. 105-115, 2022. https://doi.org/10.56578/0cs010203

140 International Journal of Interactive Mobile Technologies (iJIM) iJIM [ Vol. 20 No. 10 (2026)


https://online-journals.org/index.php/i-jim
https://doi.org/10.3991/ijim.v18i01.46307
https://doi.org/10.3991/ijim.v18i01.46307
https://doi.org/10.3991/ijim.v19i07.51971
https://doi.org/10.19173/irrodl.v11i3.886
https://doi.org/10.19173/irrodl.v11i3.886
https://doi.org/10.1016/j.acalib.2025.103051
https://doi.org/10.56578/ocs010203

iIM | Vol. 20 No. 10 (2026)

Exploring Strategies to Enhance Students’ Information Literacy in Open Education through Mobile Learning Technologies

(6]

(10]

[11]

(12]

(13]

[14]

[15]

(16]

(17]

6

A. Papavasileiou, G. Konteos, S. Kalogiannidis, D. Kalfas, and O. Papaevangelou,
“Investigating good practices for implementing the 17 SDGs in Greek secondary schools
by 2026,” Challenges in Sustainability, vol. 13, no. 3, pp. 316-333, 2025. https://doi.org/
10.56578/cis130301

W. E. Auffermann et al., “Mobile computing for radiology,” Academic Radiology, vol. 20,
no. 12, pp. 1495-1505, 2013. https://doi.org/10.1016/j.acra.2013.09.009

M. Kim and S. O. Park, “Trust management on user behavioral patterns for a mobile
cloud computing,” Cluster Computing, vol. 16, no. 4, pp. 725-731, 2013. https://doi.org/
10.1007/s10586-013-0248-9

H. Qiu, K. Zhu, N. C. Luong, C. Yi, D. Niyato, and D. I. Kim, “Applications of auction
and mechanism design in edge computing: A survey,” IEEE Transactions on Cognitive
Communications and Networking, vol. 8, no. 2, pp. 1034-1058, 2022. https://doi.org/
10.1109/TCCN.2022.3147196

N. A. Sulieman, L. R. Celsi, W. Li, A. Zomaya, and M. Villari, “Edge-oriented computing:
A survey on research and use cases,” Energies, vol. 15, no. 2, p. 452, 2022. https://
doi.org/10.3390/en15020452

M. Carroll, S. Lindsey, M. Chaparro, and B. Winslow, “An applied model of learner
engagement and strategies for increasing learner engagement in the modern educa-
tional environment,” Interactive Learning Environments, vol. 29, no. 5, pp. 757-771, 2021.
https://doi.org/10.1080/10494820.2019.1636083

R. Ansari, R. Herman, and M. Cartwright, “Designing a digital intervention for
children with developmental language disorder: Aligning theory, research and clin-
ical practice,” Digital Health, vol. 11, p. 20552076251324442, 2025. https://doi.org/
10.1177/20552076251324442

M. Kondo, Y. Ishikawa, C. Smith, K. Sakamoto, H. Shimomura, and N. Wada, “Mobile
assisted language learning in university EFL courses in Japan: Developing attitudes and
skills for self-regulated learning,” ReCALL, vol. 24, no. 2, pp. 169-187, 2012. https://doi.
org/10.1017/50958344012000055

A. Naseem, S. Nizamuddin, and K. Ghias, “The outcomes of a mobile just-in-time-
learning intervention for teaching bioethics in Pakistan,” BMC Medical Education, vol. 22,
no. 1, p. 674, 2022. https://doi.org/10.1186/s12909-022-03698-9

A. Mazumdar, M. Banerjee, B. Chatterjee, S. Saha, and G. S. Gupta, “Mobile application
based early educational intervention for children with autism-a pilot trial,” Disability
and Rehabilitation: Assistive Technology, vol. 18, no. 6, pp. 819-826, 2023. https://doi.org/
10.1080/17483107.2021.1927208

D. 1. Iishkina, “Rethinking the evaluation of educational intervention effective-
ness through activity theory: A mobile app example,” Frontiers in Education, vol. 10,
p. 1532376, 2025. https://doi.org/10.3389/feduc.2025.1532376

M. S. Y. Jong and C. C. Tsai, “Understanding the concerns of teachers about leveraging
mobile technology to facilitate outdoor social inquiry learning: The EduVenture expe-
rience,” Interactive Learning Environments, vol. 24, no. 2, pp. 328-344, 2016. https://
doi.org/10.1080/10494820.2015.1113710

AUTHORS

Di Zhang is an undergraduate and lecturer at Hengshui Open University.
She studied at Hebei Medical University from 2001 to 2006 and obtained her bach-
elor’s degree in 2006; she worked at Hengshui Fifth People’s Hospital from 2009 to
2017 and has been working at Hengshui Open University since 2017. She has led and

International Journal of Interactive Mobile Technologies (iJIM) 141


https://online-journals.org/index.php/i-jim
https://doi.org/10.56578/cis130301
https://doi.org/10.56578/cis130301
https://doi.org/10.1016/j.acra.2013.09.009
https://doi.org/10.1007/s10586-013-0248-9
https://doi.org/10.1007/s10586-013-0248-9
https://doi.org/10.1109/TCCN.2022.3147196
https://doi.org/10.1109/TCCN.2022.3147196
https://doi.org/10.3390/en15020452
https://doi.org/10.3390/en15020452
https://doi.org/10.1080/10494820.2019.1636083
https://doi.org/10.1177/20552076251324442
https://doi.org/10.1177/20552076251324442
https://doi.org/10.1017/S0958344012000055
https://doi.org/10.1017/S0958344012000055
https://doi.org/10.1186/s12909-022-03698-9
https://doi.org/10.1080/17483107.2021.1927208
https://doi.org/10.1080/17483107.2021.1927208
https://doi.org/10.3389/feduc.2025.1532376
https://doi.org/10.1080/10494820.2015.1113710
https://doi.org/10.1080/10494820.2015.1113710

Zhang and Liu

participated in multiple provincial and municipal research projects and published
10 papers, including two in core journals, covering topics such as nursing, mental
health, and higher education (E-mail: hskfdxzd112233@163.com).

Yafeng Liu is a Lecturer at Hengshui Open University. She studied at Hebei
Normal University from 2007 to 2011 and obtained her bachelor’s degree in 2011;
she has been working at Hengshui Open University since 2016. She has led and
participated in multiple municipal-level research projects and published seven
papers, one of which was indexed in the Web of Science (WOS) database, cover-
ing areas such as art education, higher education, and low-carbon development
(E-mail: hskd112233@163.com).

142 International Journal of Interactive Mobile Technologies (iJIM) iJIM [ Vol. 20 No. 10 (2026)


https://online-journals.org/index.php/i-jim
mailto:hskfdxzd112233@163.com
mailto:hskd112233@163.com

