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Abstract
The research on graph pattern matching (GPM) has attracted a lot of attention.
However, most of the research has focused on complex networks, and there are
few researches on GPM in the medical field. Hence, with GPM this paper is
to make a breast cancer-oriented diagnosis before the surgery. Technically, this
paper has firstly made a new definition of GPM, aiming to explore the GPM in
the medical field, especially in Medical Knowledge Graphs (MKGs). Then, in
the specific matching process, this paper introduces fuzzy calculation, and pro-
poses a multi-threaded bidirectional routing exploration (M-TBRE) algorithm
based on depth first search and a two-way routing matching algorithm based on
multi-threading. In addition, fuzzy constraints are introduced in the M-TBRE
algorithm, which leads to the Fuzzy-M-TBRE algorithm. The experimental
results on the two datasets show that compared with existing algorithms, our
proposed algorithm is more efficient and effective.

Full Text
Preamble
Fuzzy-Constrained Graph Pattern Matching in Medical Knowledge
Graphs

Lei Li1,2,3†, Xun Du3, Zan Zhang3 & Zhenchao Tao4

1Key Laboratory of Knowledge Engineering with Big Data (the Ministry of Ed-
ucation of China), Hefei University of Technology, Hefei 230601, China
2Intelligent Interconnected Systems Laboratory of Anhui Province (Hefei Uni-
versity of Technology), Hefei 230601, China
3School of Computer Science and Information Engineering, Hefei University of
Technology, Hefei 230601, China
4The First Affiliated Hospital of University of Science and Technology of China,
Hefei 230031, China

chinarxiv.org/items/chinaxiv-202211.00420 Machine Translation

https://chinarxiv.org/items/chinaxiv-202211.00420
https://chinarxiv.org/items/chinaxiv-202211.00420


Keywords: Graph pattern matching; Medical Knowledge Graphs; Fuzzy con-
straints; Breast cancer; Diagnostic classification

Citation: Li, L. et al.: Fuzzy-Constrained Graph Pattern Matching in
Medical Knowledge Graphs. Data Intelligence 4(3), 599-619 (2022). DOI:
10.1162/dint_a_{00153}

Received: Oct. 10, 2021; Revised: Jan. 15, 2022; Accepted: Apr. 10, 2022

Abstract
Graph pattern matching (GPM) has attracted significant research attention,
yet most studies have focused on complex networks, with limited research on
GPM in the medical domain. This paper employs GPM to enable pre-surgical
diagnosis for breast cancer. Technically, we first introduce a novel definition
of GPM specifically tailored for medical applications, particularly in Medical
Knowledge Graphs (MKGs). During the matching process, we incorporate fuzzy
computation and propose a multi-threaded bidirectional routing exploration
(M-TBRE) algorithm based on depth-first search. Additionally, we introduce
fuzzy constraints into the M-TBRE algorithm, resulting in the Fuzzy-M-TBRE
algorithm. Experimental results on two datasets demonstrate that our proposed
algorithm achieves superior efficiency and effectiveness compared to existing
methods.

Corresponding author: Lei Li (E-mail: lilei@hfut.edu.cn, ORCID: 0000-0002-
5374-7293).

1. Introduction
Graphs serve as a fundamental data structure with widespread applications
across numerous domains. For instance, in object anomaly detection, objects
can be represented as graphs, enabling the discovery of anomalies through spe-
cialized graph algorithms [1]. Similarly, to determine user interest in specific
webpages, multiple webpages can be converted into graphs and processed as
a bag for classification and judgment [2]. Graph pattern matching (GPM),
a prominent graph-based technology, has garnered considerable attention. For-
mally, GPM involves finding subgraphs within a data graph that exhibit similar
or identical structure to a given pattern graph. As the application domains of
GPM have evolved from initial protein isomorphism [3, 4] to community de-
tection [5, 6], expert discovery [7], recommendation systems [8], social group
identification [9–11], and criminal group detection [12], the definition of graph
patterns has correspondingly adapted.

Technically, GPM was originally defined based on subgraph isomorphism. Given
a data graph 𝐺𝐷 and a pattern graph 𝐺𝑃 as input, the method determines
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whether 𝐺𝐷 contains a subgraph with exactly the same topological structure
as 𝐺𝑃 . This approach enables property inference for unknown proteins from
known ones through matching [3, 4]. However, traditional subgraph isomor-
phism is overly restrictive. To extend GPM’s applicability, Fan et al. [12]
proposed bounded simulation, which expands edge-to-edge matching to edge-
to-finite-length-path matching. Nevertheless, this approach fails to leverage
the rich attribute information available on vertices and edges. Consequently,
Liu et al. [13] introduced the multi-constrained graph pattern matching (MC-
GPM) problem to obtain more effective matching results. Subsequently, Liu
et al. [14] proposed multiple fuzzy constrained graph pattern matching (MFC-
GPM) based on MC-GPM, recognizing that certain attributes do not require
exact matching. However, current GPM applications remain predominantly con-
centrated in complex networks, with minimal research exploring its use in the
medical field, particularly in Medical Knowledge Graphs.

The incidence of breast cancer continues to rise, with increasingly younger pa-
tient populations. Breast cancer encompasses multiple types, including ductal
carcinoma in situ, lobular carcinoma in situ, invasive ductal carcinoma, and
invasive lobular carcinoma. Each type can be further classified according to
primary tumor staging, regional lymph node staging, and distant metastasis
staging. This paper aims to enable pre-surgical diagnosis through GPM tech-
nology before surgical intervention is required.

To introduce GPM into the medical domain, we formulate the GPM problem
in MKGs and provide formal definitions. We propose the M-TBRE algorithm,
which first decomposes the pattern graph into subgraphs, obtains matching
results for each subgraph, and subsequently merges these results. M-TBRE
can generate a diagnosis distribution for the pattern graph and return the top-k
diagnostic classification results based on frequency. We further extend M-TBRE
by introducing fuzzy constraints, yielding the Fuzzy-M-TBRE algorithm, and
validate its effectiveness on two public datasets.

The remainder of this paper is organized as follows: Section 2 reviews related
work on GPM. Section 3 introduces the concept of pattern matching in MKGs.
Section 4 proposes the M-TBRE algorithm and Fuzzy-M-TBRE algorithm for
processing GPM in MKGs. Section 5 describes the datasets and presents exper-
imental validation of our Fuzzy-M-TBRE algorithm. Section 6 concludes the
paper.

2. Related Work
Based on whether judgment relies on bijective functions or binary relationships,
GPM research can be categorized into isomorphism-based GPM and simulation-
based GPM.
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2.1 Isomorphism-Based GPM

Isomorphism-based GPM establishes a bijective function between the pattern
graph and data graph, requiring identical topological structures between
matched subgraphs and pattern graphs. Ullmann [15] first proposed a depth-
first search-based matching algorithm. Cordella et al. [16] improved upon
Ullmann’s algorithm through enhanced matching order and pruning strategies,
introducing the VF2 algorithm. Tong et al. [17] proposed the G-Ray method,
which employs a goodness function to measure matching degree between
subgraphs and pattern graphs, enabling retrieval of optimal-k subgraphs.
Cheng et al. [18] also proposed a top-k matching algorithm that ranks matched
subgraphs based on spanning tree count to return optimal-k results. Cheng et
al. [19] introduced the R-join algorithm based on clustering graph join indexes
with subsequent optimization. Other representative algorithms include DDST
[20] and IncBMatch [21]. As an NP-complete problem, isomorphism-based
GPM typically employs indexing [22, 23] and parallel distributed processing
[24–26] to improve matching efficiency.

Isomorphism-based GPM is primarily applied in domains with strict structural
requirements, such as protein isomorphism, 3D object matching [27], and net-
work abnormal behavior detection [28]. However, such strict matching is un-
suitable for applications like social networks or knowledge graphs that do not
demand exact matching precision. This limitation has motivated research into
simulation-based GPM.

2.2 Simulation-Based GPM

Graph simulation, introduced by Henzinger et al. [29], relies on binary relations
but remains limited to edge-to-edge matching, failing to meet many application
requirements. Fan et al. [12] extended graph simulation by proposing bounded
simulation, where pattern graph edges can match paths not exceeding a given
constraint length k. Building on bounded simulation, Ma et al. [30] introduced
strong simulation, which better preserves pattern graph topological structure.
However, these existing approaches do not consider the abundant attribute in-
formation on vertices and edges in large graph data. Liu et al. [13] addressed
this by extending bounded simulation to MC-GPM and proposing both a base-
line exploration-based algorithm and a heuristic algorithm based on data graph
compression index (HAMC). Since HAMC only considers matching path con-
straints without minimizing path length and lacks distributed computing sup-
port, Liu et al. [31] proposed the M-HAMC algorithm. Recognizing that vertex
and edge attribute values sometimes need not match exactly, Liu et al. [14] intro-
duced MFC-GPM and the ETOF-K algorithm, improving matching efficiency
through edge matching and connection optimization. Based on topologically
ordered pattern graph vertices, Liu et al. [32] proposed the NTSS algorithm, op-
timized through caching mechanisms and reverse edge matching. The caching
mechanism prevents redundant calculations of identical candidate paths across
multiple subgraphs, while reverse edge matching prunes candidate sets for edges
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with zero in-degree.

3. Graph Pattern Matching
GPM aims to find all data subgraphs in a given data graph 𝐺𝐷 that satisfy
the pattern graph 𝐺𝑃 . This section provides formal definitions for data graphs,
pattern graphs, and graph pattern matching in MKGs.

3.1 Data Graph and Pattern Graph

3.1.1 Data Graph A data graph 𝐺𝐷 = (𝑉 , 𝐸, 𝑓𝐷
𝑉 , 𝑓𝐷

𝐸 ) is a directed graph
with vertex attributes and edge attributes, where 𝑉 is the vertex set; 𝐸 is the
edge set, with (𝑣𝑖, 𝑣𝑗) ∈ 𝐸 representing a directed edge from 𝑣𝑖 ∈ 𝑉 to 𝑣𝑗 ∈ 𝑉 ;
𝑓𝐷

𝑉 is a function defined on 𝑉 where ∀𝑣 ∈ 𝑉 , 𝑓𝐷
𝑉 (𝑣) represents the attribute set

of 𝑣. In an MKG, each vertex 𝑣 has a label 𝑟𝑟 indicating its type. Different 𝑟𝑟
values correspond to different attribute sets 𝑓𝐷

𝑉 (𝑣). The 𝑟𝑟 value can be DI, BI,
MI, GW, OC, AL, or PD.

• DI: When 𝑟𝑟 = DI, 𝑓𝐷
𝑉 (𝑣) describes breast cancer diagnostic classification

information, including pathological information 𝑟ℎ, T staging 𝑟𝑠, tumor
length 𝑟𝑇 𝑆, regional lymph node N staging 𝑟𝐿𝑁 , and distant metastasis M
staging 𝑟𝐷𝑀 . The value of 𝑟ℎ can be 0, 1, 2, or 3, representing “invasive
ductal carcinoma”, “invasive lobular carcinoma”, “ductal carcinoma in
situ”, and “lobular carcinoma in situ”, respectively. The value of 𝑟𝑠
ranges from 0 to 4. 𝑟𝑇 𝑆 is a floating-point number in centimeters. 𝑟𝐿𝑁
can be N0, N1, N2, or N3. 𝑟𝐷𝑀 can be M0 or M1.

• BI: When 𝑟𝑟 = BI, 𝑓𝐷
𝑉 (𝑣) describes patient basic information including

𝑟𝐶𝑁 , 𝑟𝐶𝑃 , and 𝑟𝑎𝑔𝑒. 𝑟𝐶𝑁 indicates current care needs (true/false). 𝑟𝐶𝑃
indicates current pregnancy status (true/false). 𝑟𝑎𝑔𝑒 represents patient
age as a positive integer.

• MI: When 𝑟𝑟 = MI, 𝑓𝐷
𝑉 (𝑣) describes menopausal information through

𝑟𝑀𝑆, which can be 0 (pre-menopausal), 1 (perimenopausal), or 2 (post-
menopausal).

• GW: When 𝑟𝑟 = GW, 𝑓𝐷
𝑉 (𝑣) describes overall well-being through 𝑟𝐺𝑊𝐵,

ranging from 0 (“fully active, no complaints”) to 4 (“completely disabled,
bed/chair-bound”).

• OC: When 𝑟𝑟 = OC, 𝑓𝐷
𝑉 (𝑣) describes non-breast cancers through 𝑟𝑂𝐶𝑆

and 𝑟𝑂𝐶𝑁 . If 𝑟𝑂𝐶𝑆 is false, 𝑟𝑂𝐶𝑁 is none; if true, 𝑟𝑂𝐶𝑁 lists other cancer
names.

• AL: When 𝑟𝑟 = AL, 𝑓𝐷
𝑉 (𝑣) describes axillary lymph nodes through 𝑟𝐿𝑁 ,

𝑟𝐿𝑆, 𝑟𝐼𝑁 , 𝑟𝑆𝑁 , and 𝑟𝐶𝑊 . 𝑟𝐿𝑆, 𝑟𝐼𝑁 , 𝑟𝑆𝑁 , and 𝑟𝐶𝑊 are boolean values
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indicating normality. 𝑟𝐿𝑁 is a positive integer indicating how many of the
three (supraclavicular, subclavian, chest wall) have issues.

• PD: When 𝑟𝑟 = PD, 𝑓𝐷
𝑉 (𝑣) describes past diagnosis information through

𝑟𝑎𝑖𝑑, 𝑟𝑎𝑛𝑒, 𝑟𝑎𝑢𝑡, 𝑟𝑙𝑢𝑛, 𝑟𝑑𝑖𝑎, 𝑟𝑐𝑎𝑟, 𝑟𝑜𝑠𝑡, and 𝑟𝑟𝑒𝑝, all boolean values indicat-
ing presence of AIDS, anemia, autoimmune disease, lung cancer, diabetes,
cardiovascular disease, osteoporosis, and reproductive organ disease, re-
spectively.

𝑓𝐷
𝐸 is defined on 𝐸 where ∀𝑒 ∈ 𝐸, 𝑓𝐷

𝐸 (𝑣𝑖, 𝑣𝑗) represents the attribute set of edge
(𝑣𝑖, 𝑣𝑗). In an MKG, 𝑓𝐷

𝐸 (𝑣𝑖, 𝑣𝑗) contains only 𝜌, a list storing patient IDs as
vertex identity information.

3.1.2 Pattern Graph A pattern graph 𝐺𝑃 = (𝑉𝑃 , 𝐸𝑃 , 𝑓𝑃
𝑉 , 𝑓𝑃

𝐸 , 𝑓𝑃
𝑙 , 𝑓𝑃

𝑚) is a
directed graph with vertex and edge attributes, where 𝑉𝑃 is the vertex set; 𝐸𝑃
is the edge set with (𝑢𝑖, 𝑢𝑗) ∈ 𝐸𝑃 representing directed edges; 𝑓𝑃

𝑉 is defined
on 𝑉𝑃 where ∀𝑣 ∈ 𝑉𝑃 , 𝑓𝑃

𝑉 (𝑣) is the attribute set. In an MKG, the function
𝑃(𝑢) corresponding to vertex 𝑢 shares the same meaning as data graph vertex
attribute sets. 𝑓𝑃

𝐸 is defined on 𝐸𝑃 where ∀𝑒 ∈ 𝐸𝑃 , 𝑓𝑃
𝐸 (𝑢𝑖, 𝑢𝑗) is the attribute

set of edge (𝑢𝑖, 𝑢𝑗). In an MKG, 𝑓𝑃
𝐸 (𝑢𝑖, 𝑢𝑗) contains only 𝜌, a list storing patient

IDs. 𝑓𝑃
𝑙 is defined on 𝐸𝑃 where ∀(𝑢𝑖, 𝑢𝑗) ∈ 𝐸𝑃 , 𝑓𝑃

𝑙 (𝑢𝑖, 𝑢𝑗) represents length
constraints as positive integer 𝑘 or symbol ∗, indicating the path length from 𝑣𝑖
to 𝑣𝑗 does not exceed 𝑘 or has no limit. 𝑓𝑃

𝑚 is a set of membership constraint
functions defined on vertex and edge attributes.

3.1.3 Fuzzy Constraints In practice, obtaining more matching results is ben-
eficial, as each matched subgraph corresponds to a patient with similar health
information to the patient being diagnosed in the pattern graph. More matches
provide better reference experience for treatment. However, subgraphs may
satisfy most constraints yet be excluded due to minor attribute mismatches.
Furthermore, some vertex attribute constraints need not match exactly—differ-
ences only need to fall within acceptable ranges. Therefore, we introduce fuzzy
constraints to GPM in MKGs.

In MKGs, we consider membership functions to introduce fuzzy constraints for
the age attribute. The membership function 𝜇𝑎𝑔𝑒 is defined as in Eq. (1), where
𝑎𝑏𝑠 is the absolute value function, 𝜌𝑃

𝑎𝑔𝑒 represents the age attribute constraint
value of vertex 𝑣 in pattern graph 𝐺𝑃 , and 𝜌𝐷

𝑎𝑔𝑒 represents the age attribute
value of vertex 𝑢 in data graph 𝐺𝐷. During matching, the age attribute need
only satisfy 𝜇𝑎𝑔𝑒 ≤ 𝜖, where 𝜖 is the membership constraint value set to 3.

3.2 Pattern Matching

A matched subgraph is a subgraph of data graph 𝐺𝐷 that matches pattern
graph 𝐺𝑃 , where 𝐺𝑠𝑢𝑏 ⊂ 𝐺𝐷, 𝑉𝑠𝑢𝑏 ⊂ 𝑉 , and 𝐸𝑠𝑢𝑏 ⊂ 𝐸. The definition of
pattern matching in MKGs is as follows:
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For a pattern graph 𝐺𝑃 = (𝑉𝑃 , 𝐸𝑃 , 𝑓𝑃
𝑉 , 𝑓𝑃

𝐸 , 𝑓𝑃
𝑙 , 𝑓𝑃

𝑚) and data graph 𝐺𝐷 =
(𝑉 , 𝐸, 𝑓𝐷

𝑉 , 𝑓𝐷
𝐸 ), 𝐺𝐷 matches 𝐺𝑃 , denoted 𝐺𝑃 ≺ 𝐺𝐷, if there exists a binary

relationship 𝑆 ⊆ 𝑉𝑃 × 𝑉 such that:

• For each pair (𝑢𝑖, 𝑣𝑖) ∈ 𝑆, 𝑢𝑖 ∼ 𝑣𝑖, meaning 𝑣𝑖 satisfies 𝑓𝑃
𝑉 (𝑢𝑖). If age

attribute constraints are included, 𝜇𝑎𝑔𝑒 only needs to satisfy 𝜇𝑎𝑔𝑒 ≤ 𝜖.
Except for the age attribute processed by the membership function, values
of other attributes in 𝑣𝑖 must equal corresponding attribute values in 𝑢𝑖.

• For each edge (𝑢𝑖, 𝑢𝑗) in 𝐸𝑃 , there exists a path from 𝑣𝑖 to 𝑣𝑗 in 𝐺𝐷 such
that (𝑢𝑗, 𝑣𝑗) ∈ 𝑆. Since 𝑓𝑃

𝑙 (𝑢𝑖, 𝑢𝑗) = 1, this path can be regarded as a
direct edge from 𝑣𝑖 to 𝑣𝑗 in 𝐺𝐷.

Example 1: As shown in Figure 1 [Figure 1: see original paper], 𝐺𝐷 is a data
graph containing information from multiple breast cancer patients. Some vertex
attributes store breast cancer diagnostic classification information. Each vertex
represents patient information. For function 𝑓𝐷

𝐸 (𝐴1, 𝐵1), 𝜌 = 1375 indicates
vertex B1’s information originates from patient #1375. Pattern graph 𝐺𝑃
represents a patient’s health status to be diagnosed. Vertices B, C, D, E,
F, and G represent basic information, menopausal status, general well-being,
other cancers, axillary lymph nodes, and past diagnoses, respectively. Vertex A
contains diagnostic information that is unknown and must be obtained through
GPM. Since all vertex information in 𝐺𝑃 comes from the same patient, we must
find a patient ID as edge attribute constraint information to obtain matching
results.

Example 2: As shown in Figure 1, subgraph 𝑀𝑠𝑢𝑏1 can be easily found in 𝐺𝐷
matching 𝐺𝑃 , passing through vertices A2, B2, C1, D2, E1, F2, and G3. Vertex
A2 represents the breast cancer diagnosis result for 𝐺𝑃 . The edge attribute
constraint value in 𝑀𝑠𝑢𝑏1 is 2384, indicating patient #2384 has similar health
status to the patient corresponding to 𝐺𝑃 .

After introducing fuzzy constraints, since 𝜇𝑎𝑔𝑒 = 0.5 does not exceed the mem-
bership constraint value 3, vertex B3 matches vertex B. We obtain a new
matched subgraph 𝑀𝑠𝑢𝑏2 passing through vertices A2, B3, C1, D2, E1, F2,
and G3, with edge attribute constraint value 676.

4. Graph Pattern Matching in Medical Knowledge Graphs
This section proposes the M-TBRE algorithm to solve GPM problems in MKGs.

4.1 Algorithm Description

Multi-core CPUs enable parallel task processing and accelerate program execu-
tion. Since multi-constrained GPM is NP-complete, we adopt multi-threading
to accelerate matching and quickly return results. The approach employs divide-
and-conquer: pattern graph 𝐺𝑃 is divided into several subgraphs, each matched
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independently in data graph 𝐺𝐷, with results subsequently merged. Pattern
subgraph matching can be distributed as subtasks to multiple threads for inde-
pendent completion, enabling rapid result acquisition.

4.2 Algorithm Flow

In M-TBRE, since MKG pattern graphs can be regarded as paths, we segment
𝐺𝑃 at intermediate vertices to obtain two pattern subgraphs. After matching
these subgraphs, we connect their results to obtain 𝐺𝑃 matching results.

Algorithm 1 details the M-TBRE steps. First, we obtain intermediate vertex
𝑚𝑖𝑑 of 𝐺𝑃 and its candidate vertex set 𝑐𝑎𝑛𝑑𝑚𝑖𝑑 (lines 1–2). Line 3 initializes 𝑝𝑜𝑜𝑙
(thread pool) and 𝑡𝑒𝑚𝑝𝐼𝑛𝑓𝑜 (temporary matching results), with thread count
configurable based on requirements. 𝐺𝑃 is then divided into two sub-pattern
graphs 𝐺𝑠𝑢𝑏1

𝑃 and 𝐺𝑠𝑢𝑏2
𝑃 using 𝑚𝑖𝑑 as the dividing point. We traverse 𝑐𝑎𝑛𝑑𝑚𝑖𝑑

to complete subgraph matching (lines 4–27). For each 𝑐𝑎𝑛𝑑𝑚𝑖𝑑[𝑖], we use edge
attribute constraint 𝜌 to obtain 𝑟𝑝𝑖𝑑𝑠, 𝐷𝑒𝑓𝑜𝑟𝑤𝑎𝑟𝑑, and 𝐷𝑒𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑜𝑟 (lines 6–25).
For each patient ID 𝑟𝑝𝑖𝑑 in 𝑟𝑝𝑖𝑑𝑠, we use 𝑟𝑝𝑖𝑑 as the edge attribute constraint
to complete matching, storing partial results in 𝑡𝑒𝑚𝑝𝐼𝑛𝑓𝑜 (lines 15–16). The
thread pool submits subtasks MC-SEM and MC-FEM to match 𝐺𝑠𝑢𝑏1

𝑃 and 𝐺𝑠𝑢𝑏2
𝑃

(lines 19–20). Algorithm RM merges the matched results (line 28).

The MC-SEM algorithm completes matching of pattern subgraph 𝐺𝑠𝑢𝑏1
𝑃 . Pa-

rameters 𝑣𝑒𝑟, 𝑐𝑎𝑛𝑑, 𝑟𝑝𝑖𝑑, and 𝑡𝑒𝑚𝑝𝐼𝑛𝑓𝑜 represent the pattern vertex to match,
candidate vertex, edge attribute constraint value (patient ID), and temporary
results. If 𝑣𝑒𝑟 has no successor edges (out-degree 0), matching completes and
results are saved to 𝑡𝑒𝑚𝑝𝐼𝑛𝑓𝑜 (Algorithm 2, lines 2–7). If 𝑣𝑒𝑟 has successor
edges, we traverse successor edges where attribute constraint 𝜌 includes 𝑟𝑝𝑖𝑑,
recursively completing matching (lines 8–16).

The MC-FEM algorithm matches pattern subgraph 𝐺𝑠𝑢𝑏2
𝑃 using reverse depth-

first search, with processing similar to MC-SEM.

The RM algorithm connects matching results of 𝐺𝑠𝑢𝑏1
𝑃 and 𝐺𝑠𝑢𝑏2

𝑃 . When a
given 𝑟𝑝𝑖𝑑 serves as attribute constraint on all edges and both flag bits are
1, combining results from 𝐺𝑠𝑢𝑏1

𝑃 and 𝐺𝑠𝑢𝑏2
𝑃 yields a matching result for 𝐺𝑃

(Algorithm 4, lines 4–6).

Example 3: Using 𝐺𝑃 and 𝐺𝐷 from Figure 1, we first obtain intermediate
vertex D and candidate set 𝑐𝑎𝑛𝑑𝑚𝑖𝑑 = {𝐷2}. 𝐺𝑃 is divided into 𝐺𝑠𝑢𝑏1

𝑃
(vertices A, B, C) and 𝐺𝑠𝑢𝑏2

𝑃 (vertices E, F, G). Forward edge (𝐶1, 𝐷2)
and successor edge (𝐷2, 𝐸1) share attribute constraint 𝑟𝑝𝑖𝑑𝑠 = {676, 2384}.
Matching edge (𝐶1, 𝐷2) with 𝑟𝑝𝑖𝑑 = 2384 while C1 matches C yields
(𝐶1, 𝐷2, 𝐺𝐷) ∼ (𝐶, 𝐷, 𝐺𝑃 ). Similarly, we obtain (𝐴2, 𝐵2, 𝐺𝐷) ∼ (𝐴, 𝐵, 𝐺𝑃 ).
Matching 𝐺𝑠𝑢𝑏1

𝑃 with 𝑟𝑝𝑖𝑑 = 2384 yields diagnostic classification information
from vertex A2. Likewise, 𝐺𝑠𝑢𝑏2

𝑃 matching produces (𝐷2, 𝐸1, 𝐺𝐷) ∼ (𝐷, 𝐸, 𝐺𝑃 ),
(𝐸1, 𝐹2, 𝐺𝐷) ∼ (𝐸, 𝐹 , 𝐺𝑃 ), and (𝐹2, 𝐺3, 𝐺𝐷) ∼ (𝐹 , 𝐺, 𝐺𝑃 ). Since both sub-
graphs have matching results, 𝐺𝑃’s diagnostic classification comes from 𝐺𝑠𝑢𝑏1

𝑃

chinarxiv.org/items/chinaxiv-202211.00420 Machine Translation

https://chinarxiv.org/items/chinaxiv-202211.00420


with patient ID 2384. M-TBRE obtains two matching subgraphs: 𝑀𝑠𝑢𝑏1 with
vertices {𝐴2, 𝐵2, 𝐶1, 𝐷2, 𝐸1, 𝐹2, 𝐺3} and edge attribute 2384, and 𝑀𝑠𝑢𝑏2 with
vertices {𝐴2, 𝐵3, 𝐶1, 𝐷2, 𝐸1, 𝐹2, 𝐺3} and edge attribute 676. Patients #676
and #2384 can serve as references for treating the patient corresponding to
𝐺𝑃 .

5. Experiments
We conduct experiments on two public MKGs, with dataset details shown in
Table 1 . We implement M-TBRE for MKG pattern matching. Since M-TBRE
divides pattern graphs into two subgraphs, matching for different edge attribute
constraint values 𝑟𝑝𝑖𝑑 is submitted to the thread pool as subtasks. Thread
pool size affects algorithm performance, so we vary thread count to measure
efficiency dynamics. To obtain more matches, we introduce fuzzy constraints
via a membership function for vertex age attributes, allowing age values to
differ within calculated membership constraint bounds. This yields the Fuzzy-
M-TBRE algorithm, which we compare against M-TBRE to demonstrate fuzzy
constraint effectiveness.

Table 1. Detail information of two datasets.

Dataset Vertices Edges Description
Female-breast-
cancer-2013a

A graph about breast
cancer patients

Breastcancer-
femalepatient-
2016A

A graph about breast
cancer patients

5.1 Experimental Settings and Implementation

The experimental MKG focuses on breast cancer. Dataset-1 and Dataset-2 repre-
sent Female-breast-cancer-2013a and Breastcancer-femalepatient-2016A, respec-
tively. Dataset-1 contains physical condition information from 10,000 patients;
Dataset-2 contains 100,000 patients. We use several pattern graphs similar to
Figure 1. Our membership function applies only to vertex age attributes with
constraint value 3. Both algorithms are implemented in Java on a PC with
Intel(R) Core(TM) i9-10900F CPU @ 2.81 GHz, 32 GB RAM, and Windows
10.

5.2.1 Experiments on Execution Time

This experiment examines execution time variation with different thread pool
sizes in M-TBRE. Results represent arithmetic means across 10 runs to prevent
error interference.
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As shown in Figure 2 [Figure 2: see original paper] and Figure 3 [Figure 3: see
original paper], the x-axis represents different pattern graphs; the y-axis repre-
sents matching time. M-TBRE-1 indicates a single thread. Since MKG pattern
graphs are paths, the ETOF-K algorithm’s edge join strategy is ineffective,
making its performance nearly identical to M-TBRE-1 on both datasets. NTSS’
s reverse matching strategy is also ineffective, but its caching mechanism avoids
duplicate path calculations, making it superior to ETOF-K and M-TBRE-1 on
both datasets.

Figure 2. Matching time of different pattern graphs on Female-breast-cancer-
2013a.

Figure 3. Matching time of different pattern graphs on Breastcancer-
femalepatient-2016A.

However, M-TBRE-1 extends to multi-threaded variants: M-TBRE-2, M-
TBRE-4, and M-TBRE-8 (2, 4, and 8 threads). Figures 2 and 3 show
M-TBRE-2 already outperforms NTSS, validating M-TBRE’s effectiveness.
Tables 2 and 3 provide detailed execution times in seconds. Table 4 compares
average execution times across both datasets, showing decreasing execution
time as thread count increases.

Table 2. Execution time on the Female-breast-cancer-2013a dataset.

Algorithm Time (s)
ETOF-K
M-TBRE-1
M-TBRE-2
M-TBRE-4
M-TBRE-8

Table 3. Execution time on the Breastcancer-femalepatient-2016A dataset.

Algorithm Time (s)
ETOF-K
M-TBRE-1
M-TBRE-2
M-TBRE-4
M-TBRE-8

Table 4. Comparison of execution time on two datasets.

Dataset M-TBRE-1 M-TBRE-2 M-TBRE-4 M-TBRE-8 Percentage
Female-breast-cancer-2013a 43.11%
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Dataset M-TBRE-1 M-TBRE-2 M-TBRE-4 M-TBRE-8 Percentage
Female-breast-cancer-2013a 39.56%
Female-breast-cancer-2013a 27.81%
Breastcancer-femalepatient-2016A 40.45%
Breastcancer-femalepatient-2016A 42.44%
Breastcancer-femalepatient-2016A 36.06%

For Dataset-1, M-TBRE-2 improves execution time by 43.11% over M-TBRE-1;
M-TBRE-4 improves by 39.56% over M-TBRE-2; but M-TBRE-8 only improves
by 27.81% over M-TBRE-4. This occurs because Dataset-1 is relatively small,
making thread context switching and system state transition overhead signifi-
cant. For the larger Dataset-2, these overheads constitute a smaller proportion,
allowing M-TBRE-8 to achieve 36.06% improvement over M-TBRE-4.

As thread count increases, M-TBRE execution speed accelerates, but improve-
ments diminish beyond a certain point, as shown by M-TBRE-8 in Figure 2.
For larger datasets or more subtasks, this slowdown becomes less pronounced.

5.2.2 Experiments on Fuzzy Constraints

This experiment examines changes in matching subgraph count when intro-
ducing fuzzy constraints. Fuzzy-M-TBRE represents M-TBRE with fuzzy con-
straints. Since Fuzzy-M-TBRE can retrieve all pattern graph matches, we com-
pare total match counts before and after fuzzy constraint introduction.

As shown in Figure 4 [Figure 4: see original paper] and Figure 5 [Figure 5: see
original paper], the x-axis represents different pattern graphs; the y-axis rep-
resents matched subgraph count. On both datasets, Fuzzy-M-TBRE returns
more matches than M-TBRE for the same pattern graph. Each matched sub-
graph corresponds to a breast cancer patient whose treatment plan can inform
the pattern graph patient’s treatment. Fuzzy constraints thus provide more
treatment options, demonstrating their necessity.

Figure 4. Number of matched subgraphs of different pattern graphs on Female-
breast-cancer-2013a.

Figure 5. Number of matched subgraphs of different pattern graphs on
Breastcancer-femalepatient-2016A.

6. Conclusion
This paper introduces the GPM problem in MKGs with formal definitions. To
address this problem, we propose the M-TBRE algorithm, which decomposes
pattern graphs into subgraphs, employs multi-threaded bidirectional routing for
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subgraph matching, and merges results. Fuzzy constraints are introduced to ob-
tain additional matching subgraphs, where each match corresponds to a past
patient with similar physical condition to the pattern graph patient. Treatment
plans from matched patients can inform the pattern graph patient’s treatment,
enabling better and more effective treatment development. Experimental vali-
dation on two public MKG datasets demonstrates M-TBRE’s superior perfor-
mance. The necessity of fuzzy constraints is also proven, as Fuzzy-M-TBRE
outperforms M-TBRE. Future work will further improve M-TBRE and inves-
tigate dynamic graph pattern matching in MKGs with evolving pattern graph
content.
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