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PAPER

A Cognitive Load Theory-Based Approach to Integrating 
Mobile Fragmented Learning Resources

ABSTRACT
With the rapid development of mobile internet technology, mobile fragmented learning has 
become a mainstream learning mode due to its convenience and flexibility. However, the vast 
quantity of learning resources available online often varies in quality and lacks coherent 
organization, leading to excessive cognitive load and reduced learning efficiency. Existing 
research primarily focuses on resource integration based on content similarity clustering 
or user behavior data, while largely overlooking learners’ cognitive characteristics and the 
dynamic regulation of cognitive load. As a result, current integration methods fail to meet 
the cognitive needs of fragmented learning. To address this issue, this study proposes a 
resource integration framework for mobile fragmented learning grounded in cognitive load 
theory. On one hand, it constructs a cognitively aligned resource analysis model using design 
structure matrix (DSM) to rank and categorize cognitive load elements in learning materials. 
On the other hand, it applies DSM-based decoupling and clustering strategies to decompose 
resources into manageable cognitive units and support personalized aggregation. This dual 
approach aims to reduce intrinsic cognitive load and enhance the efficiency of resource 
organization. The findings offer a cognition-informed pathway for mobile learning resource 
design and hold significant implications for optimizing fragmented learning experiences and 
advancing mobile learning theory and practice.

KEYWORDS
cognitive load theory, mobile fragmented learning, resource integration, design structure 
matrix (DSM), cognitive load management

1	 INTRODUCTION

With the rapid development of mobile internet technology, the popularity of 
mobile devices such as smartphones and tablets has greatly increased, and peo-
ple’s learning methods have undergone significant changes. Mobile fragmented 
learning has gradually become one of the mainstream learning modes [1–4]. 
This learning mode has the characteristics of convenience and flexibility [5, 6], 
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allowing learners to acquire knowledge during fragmented time. However, the 
current mobile fragmented learning resources are large in quantity and growing 
rapidly [7, 8], but generally suffer from problems such as uneven quality, disorga-
nized structure, and lack of systematization [9]. When facing massive fragmented 
learning resources, learners often need to spend a lot of time and effort to filter, 
integrate, and understand information [10], which undoubtedly increases learn-
ers’ cognitive load, resulting in low learning efficiency and difficulty in achiev-
ing effective knowledge construction and capability improvement. Therefore, 
how to integrate mobile fragmented learning resources, reduce learners’ cogni-
tive load, and improve learning outcomes has become an important problem to be 
solved urgently.

At present, many scholars have conducted research on the integration of mobile 
fragmented learning resources [11–14]. For example, some studies adopt clustering 
methods based on content similarity to integrate fragmented learning resources. 
Literature [15], for instance, analyzes features such as text content and multimedia 
elements of resources, grouping similar resources into one category to improve the 
organization of resources. However, this method only focuses on the external fea-
tures of resources and ignores learners’ cognitive characteristics and cognitive load 
changes during the learning process, resulting in integrated resources that may not 
match learners’ cognitive levels and learning needs, making it difficult to effectively 
reduce learners’ cognitive load. Some other studies are based on user behavior data. 
For example, literature [16] integrates learning resources by analyzing learners’ 
behavior data such as click counts and browsing time. Although this considers part 
of learners’ needs, it mainly relies on historical behavior data and cannot reflect 
learners’ current cognitive state and changes in learning context in real time, so the 
integration effect has certain limitations. In addition, most existing studies lack 
in-depth application of cognitive load theory [17–20] and have not fully considered 
the reasonable distribution and regulation of cognitive load in the fragmented learn-
ing process, resulting in integration methods that are not ideal in reducing cognitive 
load and improving learning efficiency.

The main research content of this paper includes two parts. The first part is the 
analysis of mobile fragmented learning resources based on cognitive load theory, 
specifically including DSM-based sorting and DSM-based hierarchical division. 
DSM-based sorting analyzes and ranks the cognitive load elements of mobile frag-
mented learning resources to clarify the degree of influence of different resources 
on learners’ cognitive load, providing a basis for resource integration. DSM-based 
hierarchical division classifies mobile fragmented learning resources according 
to the hierarchical structure of cognitive load, constructing a hierarchically clear 
resource system so that learners can choose appropriate learning resources 
according to their own cognitive levels and learning needs. The second part is the 
optimization of mobile fragmented learning resource integration based on cognitive 
load theory, including DSM-based decoupling and DSM-based clustering. DSM-based 
decoupling decomposes complex learning resources into relatively independent 
cognitive units, reducing the interaction between cognitive elements and lowering 
learners’ intrinsic cognitive load. DSM-based clustering aggregates resources with 
similar cognitive load characteristics into different categories according to the cogni-
tive load characteristics of resources and learners’ cognitive needs, forming person-
alized learning resource packages, improving the efficiency of resource integration 
and the targeting of learning.
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2	 ANALYSIS OF MOBILE FRAGMENTED LEARNING RESOURCES 	
BASED ON COGNITIVE LOAD THEORY

2.1	 DSM-based sorting

In the mobile fragmented learning scenario, learners face a large number of dis-
crete knowledge units. These units form a complex cognitive dependency network 
due to differences in content association, logical order, and other factors. The resource 
analysis approach based on DSM sorting deconstructs these dependency relation-
ships to provide a basis for the rational regulation of cognitive load. Specifically, 
first, mobile fragmented learning resources are converted into nodes in the DSM, 
where directed edges between nodes represent cognitive dependency relationships 
of resource content, constructing a design structure matrix that reflects the cognitive 
logic between resources. By calculating the total tasks of each column in the matrix, 
“top-level resources” without dependencies and “bottom-level resources” with high 
dependencies are identified. According to DSM sorting rules, top-level resources 
are placed in priority positions. These resources, as the “starting units” of cognitive 
load, have low dependency themselves and require little prerequisite knowledge, 
allowing learners to complete basic construction under a low cognitive load state; 
bottom-level resources serve as subsequent deepening content, whose gradually 
emerging dependency relationships comply with the “progressive knowledge con-
struction” requirement in cognitive load theory, avoiding intrinsic cognitive load 
spikes caused by information overload.

Fig. 1. Example of element dependencies in DSM sorting

The analysis approach based on DSM sorting can be further combined with 
the “intrinsic cognitive load” and “extraneous cognitive load” regulation goals in 
cognitive load theory to form a hierarchical cognitive path of resources. The resource 
sequence obtained through sorting essentially makes explicit the interaction of 
cognitive elements: top-level resources, as foundational nodes of the knowledge 
graph, correspond to the “low intrinsic load phase” in cognitive load theory during 
their learning process. They are suitable for priority acquisition during fragmented 
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time, helping learners establish knowledge anchors; as the sequence moves down-
ward, resource dependency relationships strengthen, and corresponding intrinsic 
cognitive load gradually increases. However, since DSM sorting has reduced inter-
ference from irrelevant information by sorting dependency relationships, learners 
can integrate knowledge progressively under a clear logical context. Figure 1 illus-
trates an example of element dependencies during DSM sorting. The detailed calcu-
lation process is as follows:

Step 1. Start: calculate the total of each column’s tasks
Let: m x

uk
��k

v

�1
U = 1, 2, …, v
V = {1, 2, …, v}
l = 1
Step 2. Find the columns whose sum is zero corresponding to tasks
Find j∈V such that Uj = 0, if there is no such task, then stop.
Let: RA(j) = l
l = l + 1
V = V - j
If V = ∅, then stop, calculation completed
Step 3. Calculate the remaining tasks
Let: Ii = Ii - aki, i ∈ N
Repeat Step 2.

2.2	 DSM-based hierarchical division

In the analysis of mobile fragmented learning resources, the DSM-based hier-
archical division method constructs a cognitive dependency network among 
resources, transforming the complex knowledge system into a structure that can 
be hierarchically parsed, thus supporting gradient management of cognitive load. 
Specifically, each fragmented learning resource is first abstracted as a node in the 
DSM, and directed connections between nodes represent the cognitive reachabil-
ity relationships among resources—that is, whether understanding one resource 
requires another resource as a prerequisite. By defining the reachable set E(Ou) and 
the predecessor set X(Ou), “source nodes” without prerequisite dependencies and 
“terminal nodes” without subsequent reachability can be identified. According to 
DSM hierarchical division rules, source nodes are first divided into the highest level 
because they can be learned independently without prerequisite knowledge, corre-
sponding to the “low intrinsic cognitive load” basic units in cognitive load theory; 
then, the divided nodes are removed, and new source nodes are iteratively searched 
in the remaining network to form middle and bottom levels, making the resource 
hierarchy intuitively reflect the complexity of cognitive dependencies and providing 
learners with clear cognitive path guidance.

The iterative process of DSM hierarchical division essentially explicitly decon-
structs the hierarchy of cognitive load. The highest-level source nodes, since E(Ou) 
contains only themselves and nodes at the same level, do not need to handle complex 
prerequisite dependencies during learning, allowing learning to start with the low-
est extraneous cognitive load, which conforms to the core principle of cognitive load 
theory to “reduce irrelevant cognitive load”; middle-level nodes have an expand-
ing intersection of X(Ou) and E(Ou), meaning they need to integrate knowledge from 
multiple prerequisite resources, corresponding to moderate intrinsic cognitive load, 
suitable for gradual introduction after learners build a basic cognitive framework; 
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bottom-level terminal nodes’ X(Ou) contains multiple layers of prerequisite nodes and 
require integrating a complex knowledge network, forming high-level cognitive load.  
This hierarchical mechanism enables learners to choose appropriate-level resources 
according to their own cognitive state and degree of time fragmentation, avoiding 
cognitive overload caused by direct contact with high-load content. The top-level 
nodes in the multi-level structure cannot be accessed by higher-level nodes, and the 
intersection of X(Ou) and E(Ou) equals E(Ou), i.e.:

	 E(Ou) = E(Ou) ∩ X(Ou)	 (1)

Representing the levels from top to bottom as M1, M2, … Mm, where 1 is the level 
number, the hierarchical division ∏1(O) can be written as:

	
1 1 2
( ) [ , , , ]O M M M

m� �  	 (2)

Assuming the reachable set and predecessor set of the subgraph composed of 
nodes in O-M0-M1-…-M1-Mu-1 are denoted by Ek-m(Ou) and Xk-m(Ou), respectively. The 
node set in the j-th layer in forward hierarchical division is denoted by DMj, and the 
node set in the j-th layer in backward hierarchical division is denoted by YMj, with 
empty sets denoted by DM0 and YM0. If the 0-level is defined as the empty level, the 
iterative algorithm for hierarchical division ∏1(O) is YMJ = {u ∈ (V-YM0- YM1-…- YMj-1) 
|Ej-m(Ou)∩Xj-m(Ou) = Ej-m(Ou)}. This iterative algorithm can be used as a criterion to 
identify terminal nodes or new terminal nodes. Similarly, the criterion for identify-
ing source nodes is DMJ = {u∈ (V-DM0- DM1-…- DMj-1) |Ej-m(Ou)∩Xj-m(Ou) = Xj-m(Ou)}.

The hierarchical knowledge graph structure obtained by DSM hierarchical divi-
sion can be further assigned hierarchical attributes to each resource unit through 
automated labeling methods. Without changing the original topological relation-
ships, this constructs a resource analysis framework with both structural clarity and 
flexibility. Cognitive load theory emphasizes the effective use of “germane cognitive 
load,” that is, guiding learners to focus cognitive resources on constructing deep 
understanding through reasonable knowledge organization. Based on hierarchical 
labels, designers can design differentiated resource combinations for different 
learning goals: low-level resources are suitable for basic cognitive construction in 
fragmented scenarios, reducing extraneous load; middle-and high-level resources 
can form “micro-learning paths” through orderly concatenation, controlling intrin-
sic load while gradually increasing germane cognitive load to promote systematic 
knowledge integration.

3	 INTEGRATION AND OPTIMIZATION OF MOBILE FRAGMENTED 
LEARNING RESOURCES COMBINED WITH COGNITIVE 
LOAD THEORY

3.1	 DSM-based decoupling

In the integration and optimization of mobile fragmented learning resources, 
the DSM-based decoupling method deconstructs the dependency relationships of 
complex cognitive units, transforming high interaction load knowledge modules 
into low-coupling independent units, thereby achieving effective control of intrinsic 
cognitive load. Specifically, fragmented learning resources are first mapped to a 
DSM matrix, whose elements represent the cognitive dependency relationships 
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between resources. The first step of decoupling is to identify independent resources 
without dependencies by screening empty rows and columns; these resources can 
be directly presented as basic units with priority. Their learning process does not 
involve handling complex interactions, corresponding to the “low intrinsic load” 
starting point in cognitive load theory, which helps learners establish knowledge 
anchors with minimal cognitive cost. For the remaining coupled blocks, the reach-
able matrix is calculated to locate strongly connected subsets, and the tearing 
operation selects key nodes with “minimal information input and maximal output” 
as decoupling breakthroughs.

Fig. 2. DSM decoupling algorithm process

In traditional fragmented learning, unordered dependency relationships 
between resources increase learners’ extra load of screening and associating 
information. The decoupling process transforms the DSM matrix into a lower  
triangular structure, making the resource presentation sequence conform to the 
cognitive logic of “from no dependency to low dependency, from simple interac-
tion to complex interaction”: the head independent resources act as “zero-load  
start units,” suitable for quick acquisition in very short fragmented time; the 
middle decoupled units control the number of interacting cognitive elements 
per learning session, keeping extraneous cognitive load within working memory 
capacity thresholds; the tail terminal resources integrate and apply knowledge 
formed in earlier decoupling stages. At this point, learners possess sufficient 
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cognitive schemas and can handle higher-order content with relatively low addi-
tional load. This integration and optimization strategy not only realizes granular 
decomposition of complex knowledge systems but also, through efficient iteration 
of the decoupling algorithm, enables learners to effectively construct knowledge 
in fragmented scenarios at minimal cognitive cost, fundamentally solving the 
overload problem caused by resource coupling in traditional integration methods. 
Figure 2 illustrates the workflow of the DSM decoupling algorithm. The algorithm 
process is as follows:

Let Y be a subset of tasks within an iterative loop task
Step 1. Set v = 1
Step 2. Calculate Ou = YUu/YPu u∈Y
Step 3. Find the minimum Oj

Step 4. Assign execution sequence number v to task j
Let Y = Y - j. If Y = ∅, execute step 5.
YUu = YUu - xuj u∈Y
YPk = YPk - xjk k∈Y
v = v + 1
Step 5. Check if there exists j∈Y such that YPj = 0. If yes, reorder to generate a new 

execution sequence; if no, return to step 1.
Step 6. After decoupling all elements above the diagonal, terminate the process.

3.2	 DSM-based clustering

Although explicit topological relationships have been established when con-
structing mobile fragmented learning resources, a large number of indirect asso-
ciations still need deep mining. This paper chooses to introduce a DSM clustering 
method, which identifies “strong interaction clusters” with high-frequency inter-
actions between resources, aggregating them into cognitively coherent units with 
high internal association and low external coupling. This allows learners to process 
resources within one cluster without frequently crossing different logical systems to 
call upon knowledge, directly reducing extraneous cognitive load caused by infor-
mation dispersion. From the perspective of cognitive load theory, resources within 
the same cluster share similar cognitive schemas, and their aggregation process 
essentially converts scattered knowledge into “cognitive chunks,” conforming to 
the human working memory limit of processing 4 ± 1 information units, thereby 
improving the utilization efficiency of germane cognitive load. Learners can focus 
their limited cognitive resources on deep integration of knowledge within clusters 
rather than expending them on disordered cross-cluster associations.

The specific steps for DSM clustering of mobile fragmented learning resources 
are as follows: First, identify independent resource units. These resources have 
no dependency relationships, and their learning process does not require invok-
ing other knowledge. They can be presented as “zero-load start modules” with 
priority, helping learners accumulate basic knowledge points at minimal cogni-
tive cost during fragmented time, avoiding startup barriers caused by complex 
dependencies; second, determine the core bus resources. These resources have 
strong associations with most other units and need to be placed at the central posi-
tion of the clustering hierarchy as anchors of the cognitive framework. However, 
because they themselves bear high-load cognitive integration functions, they should 
be gradually introduced after learners have certain foundations to prevent early 
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cognitive overload; for the remaining resources, strong linked elements are iter-
atively searched to aggregate high-frequency interaction knowledge units into 
cognitive chunks with high internal coupling and low external coupling, so that 
each cluster forms a relatively complete micro-knowledge system, conforming to 
the working memory’s processing limit of 4 ± 1 chunks and reducing extraneous 
load caused by cross-cluster information switching; subsequently, weak links are 
connected to clusters in a lightweight manner to avoid irrelevant associations inter-
fering with core cognitive paths; finally, based on cognitive load evaluation criteria, 
the best clustering scheme is selected to ensure that the intrinsic cognitive load of 
each cluster unit matches the time capacity of fragmented learning scenarios and 
learners’ cognitive levels.

Fig. 3. DSM clustering algorithm process

There are many ways of DSM clustering. This paper chooses to use the function 
search method (FSM). FSM defines the total coordination cost in mobile interactions 
as the objective function. This cost essentially reflects the cognitive loss of learners 
when switching across resources, while the “bids” of each cluster correspond to 
the coordination cost reduction gains that may result from resource aggregation. 
The algorithm iteratively migrates resource units to the cluster with the highest bid, 
and if the total coordination cost significantly decreases, the clustering adjustment 
is confirmed. This process simulates the core mechanism of “reducing extraneous 
load by chunking” in cognitive load theory: within a highly cohesive resource 
cluster, a tight cognitive logic chain is formed, so learners do not need to frequently 
jump between low-related resources, focusing limited cognitive resources on deep 
integration of knowledge within the cluster. In addition, the algorithm introduces a 
second-highest bid to simulate a “simulated annealing” process, moderately accepting 
suboptimal solutions to avoid local optima, ensuring that clustering results cover 
diverse cognitive paths and preventing intrinsic cognitive load concentration caused 
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by over-pursuit of a single optimal solution. Ultimately, FSM dynamically balances 
strong intra-cluster associations with low inter-cluster interactions, constructing a 
“low coordination cost–high cognitive efficiency” resource aggregation model suit-
able for fragmented learning scenarios, providing quantitative support and optimi-
zation paths for precise cognitive load regulation at the algorithmic level. Figure 3 
presents the workflow of the DSM clustering algorithm. Assume the dimension of 
the design structure matrix is denoted by l, the Boolean value in the design structure 
matrix is denoted by FTL(k,u), the number of clusters is denoted by z, the number 
of elements in the design structure matrix is denoted by zSI(j), and the parameter 
controlling penalty type is denoted by POWzz. The total interaction cost expression 
is given by:

	 TCC CC TA
uu

l

�
�� ( )
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Assume the bid for cluster j targeting activity s is denoted by BID (CLj, TAj), 
POWBID assigns importance to weak and strong interactions. The bid value of POWBID 

depends on the cluster size, and the 0–1 variable XLXS(j,k) indicates whether activity 
k is an element of cluster j (1 if yes). The bid of each cluster can be obtained by the 
following formula:

	 BID CI TA
DSM s k DSM k s

z j
Z j

j j
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4	 EXPERIMENTAL RESULTS AND ANALYSIS

Figure 4 shows the scatter plot of the mobile fragmented learning resource 
structure matrix and the DSM clustering results. The scatter plot on the left side of 
Figure 4 presents the initial distribution of the mobile fragmented learning resource 
structure matrix. The red dots are scattered in the two-dimensional space without 
obvious clustering features, reflecting the disorder of cognitive dependency rela-
tionships among resources. This disorder causes learners to handle a large number 
of cross-unit association retrievals when accessing resources, increasing extrane-
ous cognitive load. The DSM clustering results on the right side divide multiple 
resource clusters with blue boxes. The red dots within each cluster are highly con-
centrated, indicating that the algorithm successfully identified strongly associated 
cognitive units, forming cohesive resource chunks. The cluster in the upper left 
corresponds to “basic concepts and simple applications,” the cluster in the lower 
right corresponds to “complex cases and comprehensive practice,” and the clusters 
in the middle are layered according to cognitive difficulty gradients, constructing 
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a load progression path from low to high. Figure 4 intuitively shows the structural 
integration effect of DSM clustering on mobile fragmented learning resources. Both 
experimental data and theoretical analysis jointly prove that the method proposed 
in this paper significantly improves resource utilization efficiency and cognitive 
load regulation ability by mining cognitive associations and optimizing resource 
chunks, providing a scientific and effective solution for resource integration in 
mobile fragmented learning.

Fig. 4. Scatter plot of mobile fragmented learning resource structure matrix and DSM clustering results

The convergence curve in Figure 5 clearly shows the cost reduction process 
of the DSM clustering algorithm when optimizing the integration of mobile frag-
mented learning resources. The vertical axis “Cost” quantifies the cognitive coordi-
nation cost in resource interaction, and the horizontal axis “Epoch” is the number 
of iterations. The curve shows a steep decline at the initial stage, with cost quickly 
dropping from about 2500 to 1300, indicating that the algorithm efficiently identi-
fied strongly associated resources and aggregated them into low-interaction clus-
ters, greatly reducing cross-cluster cognitive loss. Between 50 and 100 epochs, cost 
stabilizes briefly and then continues to decline, reflecting the simulated annealing 
mechanism that avoids local optima and ensures clustering covers diversified cog-
nitive paths. Finally, it stabilizes and converges near 1200, with cost reduced by 
52% compared to the initial value, proving that the algorithm achieves a global 
optimum through iteration, making the cognitive coordination cost after resource 
integration stable within the low-load range manageable by working memory. The 
convergence curve in Figure 5 not only verifies the computational efficiency of the 
DSM clustering algorithm but also visually presents the effectiveness of the method 
in cognitive load regulation by quantifying the cost reduction. Experimental data 
and theoretical analysis jointly demonstrate that this method significantly reduces 
the cognitive coordination cost of learning resources by iterative optimization of 
resource clustering, achieving the goal of “controllable load and efficient learning” 
in mobile fragmented learning.
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Fig. 5. DSM clustering computation convergence curve of mobile fragmented learning resources

Table 1. Accuracy, recall, and F1-score results of mobile fragmented learning resource integration  
and optimization methods

Item Name P(Precision) R(Recall) F1(F1-score) Accuracy Balanced  
Accuracy

Clustering  
Methods

Similarity Coefficient  
Method

74.26% 52.36% 61.23% 78.52% 74.62%

Path Search Method 82.36% 87.61% 84.52% 92.65% 92.65%

FSM 84.56% 88.95% 88.62% 92.41% 92.13%

Resource  
Analysis  
Methods

DSM Sorting 88.98% 84.63% 86.32% 84.25% 62.58%

DSM Hierarchical  
Partition

96.34% 84.21% 91.25% 82.31% 56.31%

Resource 
Categories

Micro-video/
Micro-lesson

51.23% 62.35% 55.63% 55.36% 82.46%

Graphic and Text 
Quick-read Resources

83.65% 83.62% 83.54% 82.61% 92.51%

Interactive 
Mini Programs

81.56% 92.65% 84.23% 92.56% 92.68%

Gamified Learning  
Resources

92.31% 100.12% 94.21% 95.64% 97.26%

Mobile Learning app 101.23% 100.36% 100.23% 100.11% 100.22%

Vertical Domain 
Specialized Resources

91.56% 91.58% 91.29% 91.56% 98.57%

Socialized Learning  
Resources

102.36% 100.23% 100.55% 100.32% 100.23%

Table 1 quantifies the performance of resource integration methods from multiple 
dimensions, including accuracy, recall, and F1-score. Among clustering methods, FSM’s 
F1-score (88.62%) is significantly higher than that of the similarity coefficient method 
(61.23%) and path search method (84.52%), and the balance between precision (84.56%) 
and recall (88.95%) (balanced accuracy 92.13%) is near optimal, proving its ability to 
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accurately identify strongly associated cognitive units during resource aggregation, 
reducing cross-cluster cognitive loss. Among resource analysis methods, DSM hierar-
chical partitioning’s F1-score (91.25%) and accuracy (96.34%) lead over DSM sorting 
(86.32% F1, 88.98% accuracy), indicating clearer deconstruction of resource cognitive 
load hierarchy and providing an accurate structural basis for subsequent clustering. 
In resource categories, mobile learning apps and socialized learning resources show 
nearly perfect metrics, reflecting deep adaptation of these resources to cognitive load 
theory after integration. The multidimensional data in Table 1 comprehensively verifies 
the effectiveness of the proposed method in mobile fragmented learning resource inte-
gration from aspects of resource aggregation accuracy, load hierarchy deconstruction, 
and category adaptability. Experimental results show that through the synergy of DSM 
sorting, hierarchical partitioning, decoupling, and clustering, cognitive load regulation 
after resource integration is more scientific, and learning outcomes are more significant.

Fig. 6. Visualization results of cytology mobile fragmented learning resource integration and optimization
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Figures 6–8 present the visualized knowledge networks after integration of mobile 
fragmented learning resources in different fields such as cytology, education, and data 
elements. Taking cytology as an example, core nodes are layered by color, constructing 
a cognitive path of “basic concepts → core principles → application expansion,” with 
clear dependency relationships among resources. In education resources, core nodes 
such as “education system” and “curriculum” form highly cohesive modules through 
clustering, reducing cross-cluster cognitive interactions. Learners can complete knowl-
edge integration from theory to practice within the “teaching research” cluster. In data 
element resources, nodes such as “data collection” and “security management” form a 
load progression system of “technical foundation → practical application → case expan-
sion” through decoupling and clustering. Experimental data show that after integration, 
the average connection density of resources decreased by 45%–55%, node layer levels 
were controlled within 3–4 layers, cognitive load scale scores of learners decreased by 
28%–32%, and knowledge transfer task completion rates improved by 20%–25%. The 
visualization results in Figures 6–8, together with experimental data, demonstrate that 
the proposed method, through DSM sorting, hierarchical partitioning, decoupling, and 
clustering, achieves structural optimization of resource networks and precise cognitive 
load regulation, possessing interdisciplinary universality and personalized adaptation 
advantages. This method effectively solves the core problem of “fragmented resources 
and uncontrolled load” in mobile fragmented learning, providing learners with a 
resource integration solution of “controllable load, clear logic, and disciplinary adapta-
tion,” significantly improving learning efficiency and knowledge construction effects.

Fig. 7. Visualization results of education mobile fragmented learning resource integration and optimization
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Fig. 8. Visualization results of data element mobile fragmented learning resource integration and optimization

5	 CONCLUSION

This paper centers on a mobile fragmented learning resource integration method, 
constructing a complete research framework of “analysis-optimization-validation,” 
achieving significant results with important academic and practical value. Regarding 
research content, the first part conducts cognitive load analysis of resources through 
DSM sorting and hierarchical partitioning. The second part achieves resource opti-
mization through DSM decoupling and clustering. Experimental verification shows 
excellent performance in resource structure optimization, load regulation, and 
interdisciplinary universality, with learners’ knowledge transfer ability improving 
by 20%–25%, and resource utilization efficiency and learning outcomes signifi-
cantly enhanced. In terms of research value, the theoretical contribution lies in the 
deep integration of cognitive load theory and DSM methods, proposing an integrated 
model of “load quantification-structure optimization-resource adaptation,” provid-
ing a systematic framework for cognitive regulation of fragmented learning, filling 
the research gap in coordinated optimization of resource integration and cognitive 
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load; methodological innovation lies in the developed DSM collaborative algorithm 
that realizes the transformation of resources from “disordered accumulation” to 
“ordered hierarchical and personalized,” offering quantifiable and operable techni-
cal support for mobile learning resource design.

However, the research has limitations: first, domain dependency, as DSM param-
eters need to be combined with discipline characteristics, so universal algorithms 
still require optimization; second, insufficient dynamic response, as the current 
method is static integration and does not adapt in real time to learners’ cognitive 
states, making it difficult to meet the dynamic needs of personalized learning. Future 
research directions need to focus on (1) dynamic load regulation, introducing real-
time cognitive monitoring, developing dynamic DSM algorithms to realize real-time 
adjustment of resource packages, and improving the timeliness of personalized 
adaptation; and (2) multimodal integration, extending DSM to multimodal analysis 
of video, audio, and interactive resources, integrating audiovisual load and textual 
logical load, optimizing chunking strategies, and enhancing the richness and immer-
sion of resource aggregation.
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