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Abstract

The identification of key nodes within multi-relational networks presents significant challenges
due to the heterogeneity of node attributes and the varying significance of different attributes
across distinct relationships. Conventional methods often fail to effectively capture these complex-
ities, leading to suboptimal mining outcomes. To address this issue, a passive clustering-based
approach is introduced to enhance the identification of important nodes in multi-relational net-
works. By constructing an adjacency matrix framework, the network structure is systematically
represented, encapsulating the connectivity relationships among nodes. The comprehensive cen-
trality of entity nodes is then evaluated to preliminarily select candidates with substantial network
influence. Subsequently, a passive clustering algorithm is applied to categorize nodes into clusters
based on attribute similarities, enabling a refined analysis within each cluster. The principle of
node centrality metrics is further adapted to assess node importance within and across clusters,
thereby mitigating the impact of attribute heterogeneity. Nodes exhibiting weak intra-cluster as-
sociations are eliminated, ensuring the robustness of the clustering process. The proposed method
demonstrates superior efficiency and scalability, requiring a memory footprint below 160 KB. Fur-
thermore, the computational efficiency of node degree centrality, median centrality, and proximity
centrality is improved, with relative computational time ratios of 14.2%, 8.9%, and 8.6%, respec-
tively. These results indicate that the proposed approach effectively captures complex dynamic
interactions within undirected and unprivileged multi-relational networks, offering a scalable and
computationally efficient solution for important node mining.

Keywords: Multi-relational networks, centrality measures, important node identification, pas-
sive clustering, entity nodes.

1 Introduction

In the interdisciplinary field of digital economy and complex systems science, multi relational
networks have become a key tool for revealing social dynamics and optimizing resource allocation.
With the deep popularization of 5G technology and the rapid development of industrial Internet,
the interaction between network nodes presents multi-dimensional and dynamic characteristics. In a
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multi relational network, individuals, organizations, things, and other relational entities mainly estab-
lish various types of relationships based on their own attributes and external environmental factors,
including but not limited to cooperation, competition, membership, social interaction, etc. [1, 2].
After the establishment of multiple types of relationships between relationship entities, information,
resources, influence, and other factors reflect the dynamic attributes of the multi relationship network
in the actual operation and interaction process. They flow in an orderly manner along the relationship
path in the network, and the flow direction and flow attributes are directly related to the relationship
attributes and strength. Based on the establishment of multiple types of relationships and attribute
flow, the network structure continues to dynamically evolve and achieve the main functions of resource
aggregation, sharing, and optimized configuration in professional scenarios[3]. In the context of the
continuous development of complex network analysis techniques, nodes not only serve as basic units
at the micro level of society, but also develop into important perspectives for progressive cognition
of complex systems. For example, in the context of intelligent manufacturing, device nodes simulta-
neously involve production process collaboration, energy consumption monitoring, and supply chain
data interaction. This multi relationship coupling characteristic poses a serious challenge to tradi-
tional single relationship network analysis methods. Therefore, effective mining of important nodes
in complex networks has become one of the important research problems in the fields of computer
science and data mining. Although existing research has made progress in the field of node importance
assessment, it mostly focuses on static single-layer networks and lacks systematic exploration of node
interaction mechanisms in dynamic multi relationship scenarios.

2 Journals reviewed

Several researchers have studied methods for mining important nodes in networks, such as the trust
mining algorithm for beacon nodes in large-scale network environments studied in reference [4]. Firstly,
based on the distance error evaluation and probability function of beacon nodes in large-scale network
environments, the direct trustworthiness of beacon nodes is obtained. Transform trust into influence,
use percolation theory to mine the influence of beacon nodes, and determine the beacon nodes with
the greatest impact in large-scale network environments. Then, based on the influence of the nodes,
the Received Signal Strength Indicator (RSSI) is used to optimize the traditional Distance Vector
Hop (DV hop) node localization algorithm. This effect weights the average hop distance of beacon
nodes. The influence weight of beacon nodes defines the average hop distance of unknown nodes.
The average hop distance information of unknown nodes is taken from beacon nodes with significant
impact, which solves the problem of significant positioning errors caused by uncertainty of location
targets. Finally, the security status of nodes is reflected based on their level of trust in beacon nodes.
The experimental results show that when the number of beacon nodes and communication distance
change, the algorithm can accurately locate other nodes in the wide area network environment, and
the trust level of the mined nodes can accurately reflect the security status of the nodes. However,
when mining the influence of beacon nodes based on percolation theory, the algorithm assumes that all
nodes have the same invasion probability, ignoring the heterogeneity of nodes in the actual network.

Reference [5] proposes a key node mining algorithm for air quality systems based on network
structure and pollutant transport characteristics, aiming to provide guidance for resource investment.
Firstly, establish an air quality network and analyze its structural characteristics. Secondly, based on
the diffusion and attenuation mechanisms of air pollutants in the network, a bidirectional transmission
key node mining algorithm is proposed, which considers both the inbound and outbound links. Thirdly,
a dynamic independent threshold propagation model in a directed weighted network is proposed, and
the number of activated nodes is used as the evaluation criterion for key node mining results. The
experimental results show that the bidirectional transmission key node mining algorithm can obtain
accurate results. However, the state independent threshold propagation model may ignore changes in
real-time network conditions, leading to a disconnect between the results of key node mining and the
actual network state.

Reference [6] proposed an out of degree graph clustering algorithm (OGC algorithm) for dynami-
cally selecting out of degree boundaries to optimize the clustering range. On this basis, we propose an
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adaptive seed node mining algorithm based on outdegree (ASMO algorithm). The experiment shows
that our algorithm maintains a balance between the cost and benefit of seed node mining, greatly
reducing the running time of seed node mining. However, the OGC algorithm is based on a static
network topology when dynamically selecting degree boundaries, which cannot effectively cope with
node joining/leaving or link changes, resulting in the failure of clustering range optimization.

Reference [7] developed a distributed data mining (DDM) method that utilizes deep learning
techniques to distribute the data mining process across the network, reducing the burden on individual
nodes and minimizing energy consumption to the greatest extent possible. This study provides a deep
learning based DDM method to improve the energy efficiency and load balancing of WSN fusion
centers. The DDM model is implemented using adaptive cascaded residual long short-term memory
(ACas ResLSTM), which helps integrate the network into multiple layers and place nodes accordingly.
The hybrid algorithm of Coati based on defined random numbers and Dolphin Swarm Optimization
(DRN-CDSO) was effectively used to optimize the parameters of ResLSTM. Experimental verification
shows that the energy efficiency of the proposed technology is 14.5. However, when deploying the
ACas ResLSTM model in WSN, the high complexity of the model leads to excessive consumption of
computing and storage resources, which goes against the original intention of distributed data mining
to reduce node burden.

Literature [4], based on a single attribute or a global unified model, does not fully consider the
diversity of node attributes in multiple relational networks, resulting in the deviation of mining results
from the actual importance; References [5] and [6] rely on static network assumptions and are difficult
to adapt to dynamic node joining/exiting or link changes; The high complexity and global computa-
tion strategy of deep learning models in reference [7] go against the original intention of lightweight
distributed mining. Therefore, this article proposes a multi relationship network important node min-
ing method based on passive clustering algorithm to solve the problems existing in existing methods.
By using passive clustering algorithm, nodes are divided into different clusters according to their at-
tributes, and attribute heterogeneity is considered during intra cluster analysis to avoid bias of a single
global model; Constructing an adjacency matrix to dynamically describe network connections, com-
bined with passive clustering mechanism to adaptively adapt topology changes, remove loosely related
nodes, and maintain the compactness of the cluster structure; Adopting a clustering decomposition
strategy to transform global problems into local intra cluster computations, reducing complexity and
meeting the lightweight requirements of distributed mining; Combining the centrality of comprehen-
siveness and the characteristics of node attributes, evaluate the importance of nodes from both inter
cluster and intra cluster perspectives, balancing the synergistic effects of structure and attributes. Ex-
perimental results have shown that this method can effectively improve the accuracy and efficiency of
mining important nodes in multi relational networks, providing new theoretical support and practical
paths for complex network analysis.

3 Design of important node mining method for multi-relational net-
works

3.1 Initial screening of important nodes in multi relational networks

Due to the existence of multiple types of relationships in the multi-relational network, and the rela-
tionship entities themselves have discrete characteristics, the binary relationship interaction structure
between entities in the network is more complex, and it is difficult to intuitively track the interaction
between entities corresponding to a variety of relationships [8, 9]. In this regard, the article constructs
an adjacency matrix framework through the types of entities and relationships in the multi-relationship
network, and represents the multi-relationship network as a matrix, so as to accurately describe the
connectivity between relational entities (nodes) and clarify the corresponding resource allocation role
of each node in the relational network.

Take an example of an unprivileged and undirected multi-relational network, which contains 7
relational entities (i.e., network nodes), a total of m relationship types, and a total of ¢ network levels.
The structure of this powerless and undirected multi-relational network is shown in Figure 1.
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Figure 1: Unprivileged and undirected multi-relational network structure.

Based on Figure 1, it can be seen that each layer of the network structure in the powerless and
directionless multi-relational network is homogeneous, and there are complex inter-layer connecting
edge relationships between nodes of different network levels [10].

To make the network structure clearer, transform the multi relational network into a mathematical
matrix. Among them, the intra layer adjacency matrix describes the connection relationship between
nodes, as shown in the following equation:

Qr=q;= Y X R (1,1) (1)

9ge€Gm

In Formula 1: le denotes the intra-layer adjacency matrix of a multi-relational network; ¢;; de-
notes the connection relationship between entity nodes [, within the same layer; G, denotes the set
of relationship types within an unweighted and undirected multi-relational network; w, denotes the
relative importance of relationship g in determining node connectivity, i.e., the weight coefficients cor-
responding to the relationship; R’g (1,1) denotes the function for calculating the undirected relationship
of nodes within a layer.

The inter layer adjacency matrix describes the correlation between nodes across layers, as shown
in the following equation:

@2:QO@QI,z (c1+ ¢2) Z wy X R" l z) (2)
g€Gm

In Formula 2: ng,@o denotes the inter-layer adjacency matrix of a multi-relational network with a
weighted adjacency matrix; @ denotes the weighting of inter-layer connection operator; g; # (¢1 + ¢2)
denotes the connection relationship between entity nodes [, in different levels c1, c2; Ry (,4) denotes
the node undirected relationship calculation function in different levels.

The multi relational network adjacency matrix concatenates multiple layers of matrices into a block
matrix, visually displaying the cross layer connection topology, as shown in the following equation:

C1
L Q1 - in
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In Formula 3: Q denotes the multi-relational network adjacency matrix; q~~ denotes the connection
relationship between specific entity nodes with respect to the 1 th relationship type; Cz denotes the ¢
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th multi-relational network level; Cy g% denotes the connection relationship between nodes in a specific
network level with respect to a specific relationship type.The above formula uniformly describes the
complex network structure in matrix form, quantifies the connection strength of different relationship
types, and transforms the complexity of multi relationship networks into computable mathematical
objects, providing quantitative basis for screening.

However, the matrix form only provides a quantitative description of the network structure [11,
12, 13]. To further explore important nodes, two key issues need to be addressed: the contribution of
different relationship types to node importance varies, and bias caused by subjective weight setting
needs to be avoided; Directly filtering nodes based on matrix elements may retain a large number of
low activity nodes, increasing the redundancy of subsequent analysis. To this end, the entropy weight
method is introduced to determine the weights of relationship types, and combined with the centrality
of comprehensiveness and dynamic threshold screening, an effective mapping from matrix structure to
key nodes is achieved. The entropy weight method can objectively quantify the importance of various
relationships and avoid subjectively setting weights.The specific steps are as follows:

(1) Comprehensive centrality calculation

Weighted summation I'(l) = Zle qi; is performed on the connection relationships between entity
nodes [, i within the hierarchy to obtain the centrality of comprehensiveness I'(l). However, based on
the connection relationships between nodes of the multi-relationship network presented by the elements
in C}, it is known that a single entity node may have connections to multiple types of relationships[14,
15, 16]. And node degree centrality simply takes into account the number of connections of nodes
without distinguishing what type of relationship these connections are based on.Therefore, in the
process of calculating node degree centrality, the article introduces the relationship type weights
contained in ng% to calculate the comprehensive degree centrality of nodes under multiple relationship

types:

' () = ngchq% (4)
g=1 i=1

In Formula 4: T” (1) denotes the centrality of the degree of integration of the entity nodes of the
multi-relational network.

(2) Dynamic threshold filtering

After traversing and calculating all nodes within Q using Equation (5), due to the large number
of nodes in the unweighted undirected multi relationship network and the wide distribution of degree
centrality values among each node, a screening threshold is set based on the statistical characteristics
of the comprehensive degree centrality of all nodes to achieve the initial screening of important nodes
in the network. The expression for the filtering threshold is:

6=+ (5)

In Formula 5: ~1,72 denote the mean and standard deviation of the centrality of the composite
degree of all nodes, v, = %Zzﬁﬂ 'd),n = %Zle I (1); 6 denotes the potentially important node
screening threshold. Based on the threshold calculation results,Based on the threshold calculation
results, nodes with degree centrality greater than 0 are identified as potential important nodes. After
traversing all nodes in the matrix, the potential important nodes are sorted according to degree
centrality, and a candidate set n = [a1,a2,...,a5] of potential multi relationship network important
nodes is output, where aq, as, ..., a; represents potential important nodes containing relationship type
information and n represents the number of potential important nodes in the candidate set. Finally,
the initial screening of important nodes is achieved.

3.2 Important node mining of multi-relational network based on passive clustering
algorithm

After completing the initial screening of potential important nodes based on entropy weight method
and comprehensive centrality, this paper further introduces passive clustering algorithm to finely an-
alyze the screening results. The passive clustering algorithm achieves efficient and accurate mining of
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Figure 2: Passive clustering logic for multi-relational network nodes.

important nodes through dynamic adaptive clustering, local structure optimization, and multi rela-
tionship attribute fusion. Compared with traditional static clustering (such as K-means) and complex
deep learning models, it is particularly suitable for dynamic multi relationship network environments.
Firstly, based on the centrality of comprehensiveness, cluster head nodes are selected, and non cluster
head nodes are dynamically clustered through correlation calculation. Loose nodes within the cluster
are removed to optimize the local structure [17]; Subsequently, the importance of nodes is evaluated
from both inter cluster (gateway node cross cluster connectivity) and intra cluster (weighted fusion
of betweenness centrality, proximity centrality, and comprehensiveness centrality) perspectives. Fi-
nally, through threshold comparison, important nodes in a multi relationship network that combine
local tightness and global influence are identified. This process not only inherits the global perspec-
tive of initial screening, but also deepens the ability to handle local heterogeneity through clustering
mechanism. The specific process is as follows:

(1) Cluster head selection and dynamic clustering based on comprehensive centrality

Based on the distribution characteristics of cluster head nodes, the algorithm divides the selected
important nodes into clusters according to their similarity characteristics [18, 19], facilitating unified
resource allocation and task scheduling management for similar nodes within the cluster. And within
each cluster, passive clustering algorithms follow local optimization logic. The passive clustering logic
of multi relationship network nodes based on comprehensive centrality is shown in Figure 2:

As can be seen from Figure 2, the passive clustering of multi-relational network nodes mainly
includes cluster head node selection, cluster construction, and the cluster optimisation process, and
these clusters represent aggregates of multi-relational network entity nodes based on specific relation-
ships [20]. In cluster head node selection, based on the multi-relationship network scale, the top U
entity nodes with higher centrality of composite degree are selected in 77, and these nodes will be used
as the starting point of clustering, i.e., cluster head nodes. The result of cluster head node selection
is expressed as:

L= [a’l,a’l,...,a’U} (6)

U= Y+ (- (7)

In Formula 6-7: ¢ denotes the set of selected cluster head nodes; all,all, ...,a/U denote the cluster
head nodes.

Constructing clusters based on ¢, passive clusters identify potentially multirelational network im-
portant nodes. In this process, in order to optimise the intra-cluster structure, for the non-cluster
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Figure 3: Schematic diagram of distribution state of gateway nodes after passive clustering.

head nodes in 7, it is necessary to calculate the degree of association between them and the cluster
head nodes, to measure the degree of dependence of the non-cluster head nodes on the cluster head
nodes, and at the same time, assess the importance of the non-cluster head nodes within the cluster,
and discover some potential key nodes that have a low degree of centrality, but have a high degree of
association with the cluster head nodes. The expression for association degree calculation is as follows:

A

L(ao,aly) = > @y x R} (ao,aly) (8)
g€Gm,

In Formula 8: L (a,, al,) denotes the cluster node association degree; a,, al, denotes the non-cluster
head node with the cluster head node at a particular ordinal position.

Secondly, to ensure the tightness of the cluster structure, based on the multi-relational network
scale and expert knowledge, the association threshold is defined, and the association between all non-
cluster head nodes and the cluster head nodes is traversed and calculated and the results are compared
with the set threshold, if the result of the calculation is greater than the set threshold, the non-cluster
head node will be added to the corresponding cluster

By

of cluster head node a/, [21, 22]. The process is repeated continuously to expand the clusters until no
node satisfies the adding condition, and all clusters By, Bs, ..., By are obtained.

Finally, the sum of the correlation degree between all the nodes in the cluster two by two is
averaged, and the average result is compared with the correlation degree of the nodes in the cluster,
if the average correlation degree between the node and other nodes is low, the node needs to be
removed from the cluster, so as to ensure that there is enough correlation degree between the nodes
in the cluster, to avoid the existence of nodes whose relationship is too loose within the cluster, and
to achieve the optimisation of the nodes of the multirelational network in the passive clustering. The
distribution state of network nodes after passive clustering is shown in Figure 3.

From Figure 3, it can be seen that after the multi-relational network clustering, the gateway nodes
are relatively dispersed in the edge position of each cluster, connecting different cluster nodes and
establishing connections with multiple clusters at the same time, with multi-relational connection
characteristics.

(2) Importance assessment of dual view nodes between and within clusters

Quantify node importance from both global (inter cluster) and local (intra cluster) dimensions,
and discover key nodes that possess both local activity and global influence [23]. In the evaluation
of inter cluster node importance, the first step is to traverse all clusters and use nodes connecting
different clusters as gateway nodes, which can aggregate information related to relationships within
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different clusters [24, 25]. The gateway node is used as the subject of inter cluster importance analysis,
and the calculation process of its inter cluster importance score is as follows:

- o, NS )
K (Bi,B)=ro > (S, +5) (9)
v,V =1
E (am) = ¢ x K (B1, By) (10)

In Formula 9-10: K (B1, B2) denotes the cross-cluster connectivity metric, i.e., the quantitative
value of the range of influence of cross-cluster nodes (gateway nodes) under multi-relational network
connectivity; kg denotes the number of clusters connected by gateway nodes; S’;,, §v/ denotes the size
of the node connecting to the v,/ th cluster; 1) denotes the dynamic evolutionary time scale of the
multi-relational network; E (am) denotes the inter-cluster importance score of the m—th gateway node
(belonging to the part of the nodes that are not cluster head nodes); ¢ denotes the proportion of the
average size of the clusters, which belongs to the adjustment coefficients in Equation (10).

In the intra-cluster node importance assessment, the integrated degree centrality, median centrality
and proximity centrality of the cluster nodes are used as the indicators for the intra-cluster node
importance assessment. Since the composite degree centrality of the constructed cluster nodes has
been calculated in the node traversal based on formula (5), it will not be repeated in the process of
calculating the intra-cluster importance score. Taking cluster v as an example, a, as the node to be
assessed and a1, ao as an arbitrarily selected intra-cluster node, the importance score of the node to
be assessed within this cluster is calculated:

§(ao) = Y. 5 (a1,a2) x 5(a1,a2)”" (11)
a17£a27#a0€N

0 (ap) =

! (12)
S aren d (a0, ar)

E (ao) = w6 (ao) + whd (ao) + wiT’ (a,) (13)

In Formula 11-13: §(a,) denotes the node median centrality within the cluster, i.e., the frequency
of the node to be evaluated being located on the shortest path between other pairs of nodes; 7;%(a1, az)
denotes the number of shortest paths from node a; to node as and passing through the node to be
evaluated; 5(aj,as) denotes the number of shortest paths between nodes; 6(a,) denotes the node
proximity centrality, i.e., the proximity of the node to be evaluated to all other nodes; (f(ao,al)
denotes the shortest distance between nodes; F(a,) denotes the importance score of the node to
be evaluated within the cluster; wi,w;,wé denotes the weight coefficients corresponding to median
centrality, proximity centrality, and composite degree centrality.

Linking formula (10) with formula (13), the combined node importance score e(a,) is calculated
as follows:

e (ao) = E (a,) + E (am) (14)

Based on formula (14) traversing all cluster nodes, and at the same time setting an absolute
comprehensive importance score threshold tsy based on the a priori knowledge of multi-relational
networks, the calculated comprehensive importance score of nodes is compared with the threshold,
and important nodes of multi-relational networks with scores exceeding the threshold limit are mined.

4 Experimental analysis

4.1 Experimental environment construction

In order to verify the practical application effect of the designed multi-relational network important
node mining method based on the passive clustering algorithm, the real multi-relational network
dataset of CKM Physicians Innovation is selected, and a simulation test is carried out under the
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Figure 4: Layout of simulation experiment environment.

Table 1: Simulation test parameters

Parameter category Simulation parameter name Parameter value/description
Network type Social network
Number of network layers 3 layers
Total number of entity nodes 246

Multi-relational

network topology First order dis‘tance of node degree 18.6
parameters Second order distance of node degree 405.4
Number of network relationships 1551
Type of node degree distribution Poisson distribution
Average clustering coefficient 0.42
Initial number of clusters 17
Cluster merging threshold <0.46
Passive clustering Intra-cluster similarity threshold >0.72
algorithm parameters Upper limit of inter-cluster connection weights 0.3
Simulation time compensation 1s
Number of iterations 50 times

environment of the Ubuntu 20.04 LTS system, and the codes are all implemented by CPython 3.8.10
in the process of the test, specifically, the layout of the simulation experiment environment is shown in
Figure 4. Based on Figure 4, the simulation environment is built, while referring to the test running
environment, describing some of the simulation parameters as shown in Table 1.

This experiment is based on social networks, simulating complex interactive relationships such as
cooperation, consultation, and information dissemination between doctors in real medical scenarios.
This experiment sets up three layers of relationships, corresponding to three interactive modes of
cooperation, consultation, and information dissemination among doctors. This experimental network
consists of 246 entity nodes, representing doctors or patients involved in diagnosis and treatment.
In this experiment, the average degree is 18.6 and the second-order distance is 405.4, indicating
that the node degree distribution is concentrated and there are some highly active nodes. This
experiment contains 1551 relationship edges, reflecting the frequency of interaction between doctors.
The experimental node degrees follow a Poisson distribution, indicating that the majority of node
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degrees are close to the average, while a few node degrees deviate significantly. The average clustering
coefficient is 0.42, indicating significant community structure in the network. Based on network
topology parameters and empirical rules, 246 nodes correspond to clusters 17 25, with the median
value of 17 taken in this paper. Through pre experimental adjustments, the 0.46 threshold can
avoid excessive merging and preserve local structural differences. A threshold of 0.72 ensures tight
connections among nodes within the cluster and avoids interference from noisy nodes. Analyzing the
distribution of inter cluster connections in the original dataset, 0.3 can filter out weak connections
and preserve significant cross cluster interactions. Set 50 iterations to ensure the algorithm converges
fully.

4.2 Experimental data

The dataset contains three layers of relationships between doctors, including cooperation, con-
sultation, and information dissemination, covering 246 entity nodes and 1551 edges, truly reflecting
the multidimensional interaction patterns of medical teams. Using the entity nodes and associated
information in the experimental dataset as test samples, the training set and test set are randomly
divided in an 8:2 ratio. Based on the experimental dataset, create datasets of different sizes including
10 nodes, 50 nodes, 90 nodes, 130 entity nodes, and relationship information.

w — min (W)

Y= ax (W) — min (W) (15)

In Formula 15: W denotes the weight set of the & — th layer relationship.

4.3 Experimental indicators

(1)Accuracy of importance measurement

Measuring the degree of conformity between the algorithm’s recognition of important node ranking
and actual labeling is the core indicator for evaluating the effectiveness of node importance mining.

(2)Space complexity

Due to the fact that the data in the test dataset is represented as double precision floating-
point numbers in programming languages (reasonable memory usage is 8 bytes), based on this data
structure and memory usage relationship, the advantage range of node memory usage is defined as
80KB-214KB. By testing the memory usage of different methods when processing datasets of different
sizes, the spatial complexity of the methods is analyzed, and the scalability of the methods is verified.

(3)Node importance calculation time

In multi-relational network important node mining, node degree centrality I'(l), median centrality
§(a,) and proximity centrality 6(a,) are the basic indexes to measure the importance of a node, and
at the same time, the calculation of their indexes is the main task in the node importance operation.

Test the running time ratio of calculating node degree centrality, betweenness centrality, and
closeness centrality using different methods at different iteration times (the proportion of running
time consumed by a method executing a single computational task to the total running time).

4.4 Experimental results

(1)Accuracy testing of importance measurement for multiple relational network nodes

In order to verify the effectiveness of the design method in mining important nodes, the accuracy
of node importance measurement was tested. The methods in reference [5] and [6] were introduced as
comparative methods to calculate the importance of the test set nodes. After sorting the calculated
importance and corresponding nodes, the top 8 entity nodes with the highest importance ranking
were extracted and verified against the actual importance ranking nodes. The specific test results are
shown in Table 2:

The design method only has a unique error at the fourth node, which is due to the reverse sorting
of nodes 81 and 82 due to their close correlation within the local cluster. However, reference [5]
mistakenly placed low degree nodes 75 and 143 in the top 8 because they only rely on single-layer
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Table 2: Multi-relational network node importance metric accuracy test results

Significant node sorting Way of measuring
results (positive order)

Actual result Design method Literature® method Literature® method

1 Node 124 Node 124 Node 75 Node 30
2 Node 126 Node 126 Node 126 Node 121
3 Node 158 Node 158 Node 143 Node 94
4 Node 82 Node 81 Node 82 Node 82
5 Node 105 Node 105 Node 105 Node 201
6 Node 79 Node 79 Node 81 Node 79
7 Node 36 Node 36 Node 36 Node 215
8 Node 91 Node 91 Node 92 Node 91
400" | —m— Design method
360 | .-@--Reference [5] method
. "\
" 320 | — 4- - Reference [6] method o ‘\
r
¥ 250t / *
?ﬁ ‘ :1 “.
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Figure 5: Space Complexity Test Results of Important Node Mining.

relationship centrality and ignore multi relationship fusion. Reference [6] misjudged nodes 30 and
94 as key, as the model overfits the local structure and ignores the "weakly connected but highly
influential" bridging nodes in the medical network. From this, it can be seen that using design
methods can effectively handle complex dynamic relationships in unweighted undirected networks,
combine relationship weights to accurately measure node importance, effectively mine entity nodes
with high importance in the network, and have good practical application effects.

(2) Space complexity testing of important node mining

In order to verify the scalability of the design method, the methods in reference [5] and reference
[6] were introduced as comparative methods. The specific test results are shown in Figure 5:

As shown in Figure 5, with the continuous increase in data processing scale, the memory usage
generated by each method also shows an overall continuous increase. However, when using design
methods to increase the data size, the memory usage required for the method to run remains within
a range with operational advantages, overall below 160KB, and the numerical results are superior to
other methods. The memory growth in the method of reference [5] shows a fluctuating linear trend,
while the memory change in the method of reference [6] shows a non-linear fluctuation. After 90 nodes,
the memory unexpectedly drops to 130KB, but the overall standard deviation is as high as 47.2 KB.
This is because the static clustering in reference [5] requires pre allocation of a fixed size adjacency
matrix, resulting in memory occupancy proportional to the square of the number of nodes. The
algorithm in reference [6] requires temporary storage of intermediate results during cluster merging,
resulting in a significant increase in memory usage. From this, it can be seen that when dealing
with the task of mining important nodes in multi relational networks, as the network size increases,
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Figure 6: Nodal Importance Operation Time Test Results.

the memory required by the algorithm is still relatively small, exhibiting lower spatial complexity.
Not only does it have good scalability, but it can also effectively cope with the dynamic evolution of
relationship types and entities in multi relationship networks with its efficient node mining efficiency.
This is because the proposed method filters low correlation nodes in advance through the intra cluster
similarity threshold, reducing the subsequent computational workload.

(3)Node importance calculation time test

In order to test the efficiency and performance of the design method, the methods in reference [5]
and reference [6] were introduced as comparison methods, and the importance calculation index values
of teammate nodes in the iterative convergence state of each method were statistically compared. The
specific test results are shown in Figure 6:

From Figure 6, it can be seen that during the entire process of node importance calculation
using various methods, the computation time for node degree centrality is relatively long, that is, the
computation time is mainly consumed in degree centrality calculation. The difference in computation
time between node betweenness centrality and near centrality is small. The running time ratio for node
degree centrality operation using the design method is 14.2%, for betweenness centrality operation is
8.9%, and for near centrality operation is 8.6%. The numerical results are all superior to other
methods, indicating that the method has good efficiency performance. This is because the design
method decomposes the global network into multiple local clusters by dynamically adjusting the cluster
structure, and independently calculates the importance of nodes within each cluster, significantly
reducing computational complexity. The running time ratio of the method in reference [5] for node
degree centrality operation is 26.5%, for betweenness centrality operation is 15.3%, and for near
centrality operation is 12.1%. It is because this method requires recalculating the cluster center
coordinates every time the clustering is adjusted, resulting in a waste of time. The running time ratio
of the method in reference [6] for node degree centrality operation is 32.8%, for betweenness centrality
operation is 19.7%, and for near centrality operation is 14.5%. It is because this method requires
the introduction of a Dropout layer to avoid overfitting, but the pruning operation also requires
readjustment of the network structure, which increases the time.

5 Result

This article comprehensively evaluates the performance advantages of the proposed method for
mining important nodes in multi relational networks based on passive clustering algorithm through
systematic experimental verification.

(1) In the accuracy test of node importance measurement, the recognition accuracy of the first 8
nodes in the design method is only 1 rank error, which is significantly better than literature [5] and
literature [6]. This indicates that the comparative method leads to misjudgment of key nodes due to
neglecting multi relationship fusion and overfitting local structures, while the design method effectively
solves attribute heterogeneity interference through entropy weight fusion and clustering evaluation.

(2) The space complexity test shows that when the network scale expands to 130 nodes, the
design method maintains a stable memory occupancy of 150KB. Its fundamental advantage lies in
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the dynamic filtering of the passive clustering structure decoupling entropy weight method, while the
comparative method has a memory occupancy of over 300KB due to static matrix pre allocation and
intermediate result cache expansion.

(3) The centrality of the design method is 14.2%, which is 18.6% lower than that in reference
[6], the betweenness centrality is 8.9%, which is 6.4% lower than that in reference [5], and the near
centrality is 8.6%, which is 3.5% lower than that in reference [5]. This is due to the dynamic clustering
optimization of independent computing mechanisms within the cluster.

Experimental results have shown that this method outperforms existing methods in terms of ac-
curacy, memory efficiency, and computational speed by decoupling the structure of passive clustering,
filtering relationships using entropy weight method, and accurately measuring hierarchical evalua-
tion. It provides an efficient and reliable solution for key node mining in multi relationship dynamic
networks.

6 Conclusions

The article proposes a method for mining important nodes in multi relational networks based on
passive clustering algorithm. By constructing an adjacency matrix framework to quantify the net-
work structure, combined with comprehensive centrality to preliminarily screen candidate nodes, and
innovatively introducing passive clustering algorithm into multi relationship network analysis, hetero-
geneity processing of node attributes and local structure optimization are achieved. The experimental
results show that this method has a stable memory usage of less than 160KB when dealing with
undirected networks without authority, and the computation time ratios of node degree centrality,
betweenness centrality, and proximity centrality are reduced to 14.2%, 8.9%, and 8.6%, respectively,
which is significantly better than traditional methods. This method can be applied in different fields
such as healthcare, finance, and social networks, and has excellent adaptability. However, sparse ma-
trix operations have not been combined with dedicated hardware acceleration such as FPGA, and
there is still room for optimization in degree centrality computation time. In future research, we will
focus on dynamic attribute weight learning, algorithm hardware collaborative acceleration, and cross
modal network extension to further promote the practical application and performance improvement
of complex network analysis technology.
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