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Abstract: In the context of global economic integration and a complex, volatile international situation, accurately
identifying and quantifying the core factors and constraints influencing the development of the international economy holds
significant practical and research value for economists, policymakers, data scientists. However, existing analytical methods
have limitations such as excessive deviation, insufficient accuracy, and low efficiency. To address these issues, this study
utilizes the hypergraph frequent pattern mining algorithm to optimize the frequent pattern growth algorithm, enhancing its
efficiency in mining association rules for high-dimensional sparse economic data. Additionally, the Spearman’s rank
correlation coefficient was introduced to improve the Pearson model, enabling a comprehensive quantification of both
linear and nonlinear economic variable relationships. Meanwhile, by integrating the improved frequent pattern growth
algorithm with the improved Pearson model, an analysis framework and model for international economic development
factors were constructed. The experimental results show that this model achieves an accuracy of 98.4% and a precision of
89.7% in high-noise environments, with a theoretical consistency of 0.889, and the computation time and memory usage
were only 147.3 ms and 138.4 MB, respectively. The average sensitivity across different datasets was 94.33%, the support
degree of relationship recognition was 95.2%, the data coverage rate was 93.9%, a variable correlation consistency rate of
96.5%, and an error rate of only 0.41%. The robustness and generalization of the model were verified. All these results are
superior to those of the comparison model, fully demonstrating the feasibility and superiority of the proposed model. It
provides economists with a more precise tool for mining the correlation of international economic variables and offers
precise data support for policymakers to formulate economic regulatory policies, which is conducive to promoting the
stable development of the international economy.

Keywords: FP-Growth, H-Mine, Pearson correlation coefficient, Spearman's rank correlation coefficient, international
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1. Introduction

With the deepening integration of the global economy, accurately identifying the key factors affecting international
economic growth has become a top priority for many countries in formulating their economic policies (Zhang et al., 2022).
In recent years, the international landscape has changed dramatically, with growing political conflicts and the continuous
rise of emerging economies, making the analysis of international economic development factors increasingly complex and
dynamic (Liu et al., 2023). Against this background, scholars worldwide have conducted numerous studies on economic
development. For example, Chen et al. (2023) developed an evaluation index system for digital economic development to
analyze the economic downturn caused by the pandemic. Using panel data from 31 provinces in China from 2010 to 2019,
they found that the level of digital economic development in China showed a steady upward trend during this period. To
explore the impact of industrial structure on digital economy and low-carbon development, Tan et al. (2024) proposed a
regression model using urban data. Their study revealed that industrial structure drives the digital economy to promote
low-carbon, sustainable development, and that the digital economy, in turn further enhances low-carbon development.
Nguyen et al. (2025) proposed a club convergence among Organisation for Economic Co-operation and Development
(OECD) countries.By applying the Granger causality test to panel data from 1997 to 2021, they found no evidence of
overall convergence, but identified several convergence clubs across individual indicators. To investigate the relationship
between social entrepreneurship and socioeconomic development, Ahmad and Bajwa (2023) conducted a meta-analysis
using bibliometric and content analysis methods. They analyzed relevant literature from 45 countries between 2005 and
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2020 and found that the United States and the United Kingdom are the most productive countries in the field of
socioeconomic development.

Although progress has been made in economic development research, the existing studies still have two main
limitations. First, current analytical methods struggle to balance efficiency and accuracy. For example, the multiple linear
regression in econometrics cannot capture complex nonlinear relationships [7]. Second, there is a lack of integrated research
that both mines correlation patterns and quantifies the strength of variable relationships, making it difficult to determine
which international economic factors are created and to what degree (Hebbi and Mamatha, 2023). The Frequent Pattern
Growth (FP-Growth) algorithm compresses large-scale data by constructing a frequent pattern tree, which avoids
generating numerous candidate itemsets. It has been widely applied in association rule mining, financial risk control, and
other fields (Wei et al., 2023). The Pearson Correlation Coefficient (PCC) model calculates the strength and direction of
linear co-movement between variables and is widely used in statistics and economics (Wang et al., 2022). Therefore, this
study introduces the Hypergraph-based Frequent Pattern Mining (H-Mine) algorithm to optimize FP-Growth. This aims to
solve the traditional FP-Growth algorithm’s problems of insufficient processing capacity and poor dynamic adaptability
with high-dimensional sparse economic data. The Spearman's Rank Correlation Coefficient (SRCC) was introduced to
improve the PCC, aiming to comprehensively quantify correlations between both linear and nonlinear variables in the
international economy and to enhance the PCC stability in high-noise environments. These two improved methods are
integrated into a model for analyzing the factors behind international economic development. The proposed approach aims
to solve problems such as long analysis time and insufficient accuracy in current methods while intuitively identifying the
key factors affecting global economic growth.

This paper is organized into five sections: Section 1 introduces the background, reviews related literature, and analyzes
the current state of international economic development. Section 2 presents the advantages of the H-Mine-FP-Growth
hybrid algorithm and the SRCC-PCC model for analyzing development factors and constructs an integrated analytical
model. Section 3 verifies the model’s performance through comparative experiments on large-scale economic data. Section
4 discusses the experimental results, compares them with previous studies, and addresses the reliability of those findings.
Section 5 concludes the study, identifies its limitations, and provides suggestions for future research.

2. Methods and Materials
2.1. Design of the H-Mine-FP-Growth Hybrid Algorithm

The analysis of international economic development factors aims to systematically explore the driving and limiting
elements behind global economic growth from a global perspective. This process encompasses multi-dimensional
variables, including institutional, technological, and other diverse factors (Praveen et al., 2023). As a classic data mining
algorithm, FP-Growth compresses data structures using a divide-and-conquer strategy to address the combinatorial
explosion of candidate itemsets in traditional association rule mining. It is particularly suitable for processing and analyzing
large-scale data (Yue, 2024). The structure of FP-Growth used for analyzing international economic development factors
is shown in Fig. 1.
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Fig. 1. FP-Growth structure for analyzing the influencing factors of international economic development

In Fig. 1, FP-Growth first scans economic indicators such as Gross Domestic Product (GDP), employment rate, and
trade volume, then ranks them by frequency to automatically filter out infrequent data. Based on this ranking, it constructs
the Fp-tree and continues to create new nodes until it identifies the most relevant factors for international economic
development, finally extracting the relationships among them. The frequency of relevant data appearing in a dataset is
represented by its support, defined by Eq. (1) (Xu, 2024).
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Count(X)

Support(X) = |D|

(1)

In Eq. (1), Support(.X) represents the support of data X related to international economic development, and D is
the total dataset or database. FP-Growth determines whether the data is frequent—i.e., a frequent itemset—based on the
condition shown in Eq. (2) (Saputra et al., 2024).

|{teD|th}|
XeF&o——— >0
D]

@

InEq. (2), F isthe set of all frequent itemsets, ! is an itemset in the database, and O is the minimum support threshold
used to identify frequent itemsets. After filtering frequent itemsets, FP-Growth generates a header table for building the
Fp-tree. The construction process is described in Eq. (3) (Hasan et al., 2023).
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In Eq. (3), H(D,0) is the header table function that takes the full database D and the support threshold O as inputs,

{teD|pet)| o . o
and is the support count of a single itemset. However, the standalone FP-Growth algorithm has limitations
in handling high-dimensional or sparse data and performs poorly when adapting to dynamic datasets. Its robustness is also
insufficient. To address these issues, this study introduces the hypergraph-based H-Mine algorithm to optimize FP-Growth.
H-Mine uses a hypergraph structure to retain rule-mining capability while lowering the minimum support threshold and
reducing redundant computations, thus efficiently discovering multi-item association relationships (Qu et al., 2023). The
structure of the H-Mine-FP-Growth hybrid algorithm is shown in Fig. 2.
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Fig. 2. Structure diagram of the H-Mine-FP-Growth hybrid algorithm

As shown in Fig. 2, the optimization introduced by H-Mine primarily improves the Fp-tree. After H-Mine reduces the
support threshold, FP-Growth scans a large volume of economic indicators to generate a header table. Then, H-Mine
partitions the data by grouping similar types together, which helps reduce computational complexity. Using these partitions,
it constructs a hypergraph structure to replace the original Fp-tree. The hyperedges reduce noise and filter unrelated data
while enabling deeper analysis of multi-item associations. This process continues until the most relevant economic
development factors are identified and clearly presented. The expression for support after incorporating the reduced
threshold from H-Mine is shown in Eq. (4).

Zi:l Count,(X)

Zle |DI| (4)

Support ., (X) =
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Support ;. (X) D,

In Eq. (4), represents the hybrid support from H-Mine and FP-Growth. is the database in the ! -th
q P y pp

partition, 7 is the total number of partitions, and Count,(X) is the frequency of itemset X in partition I, H-Mine
transforms the data into a vertical format to construct the hypergraph, and this transformation process is described in Eq.
(5) (Lin et al., 2023).

VerticalDB(D) = {(p.T,)|p e I} )

In Eq. (5), Vertical DB(D) defines
is the vertical symbol for itemset P H-Mine uses a recursive mining function to dig into complex relationships, as shown
in Eq. (6) (Jamsheela and Raju, 2023).

the vertical representation of the database D I is the set of all itemsets, and ”

{a} if|P|=1
HM(P, o) = .
U,., HM(Project(P, p),ac U {p}) else ©
In Eq. (6), HAM(P, @) represents the recursive mining function of H-Mine. £ is the current projected database, & is
the prefix pattern, and Project(P, p) is the conditional projection operation based on itemset P

2.2. Construction of the SRCC-PCC Model for Relation Identification and Quantification

Although the H-Mine-FP-Growth algorithm is powerful for discovering associations, it cannot quantify the strength of
relationships among variables. To address this limitation, a complementary model is needed for a more accurate analysis
of international economic development factors. The PCC model is a classical method used to quantify the linear relationship
between two variables. It measures correlation through the covariance of standardized data (Zhang et al., 2024). The
workflow of the PCC model is illustrated in Fig. 3.
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Fig. 3. Flowchart of the PCC model for quantifying the relationships among economic variables

As shown in Fig. 3, the PCC model begins by collecting relevant economic data and preprocessing it, which includes
filling in missing values, removing outliers, and standardizing data to eliminate the effects of differing units. Next, it
calculates the PCC and uses visualization tools to reveal the relationships between variables. It then applies t-tests and
robustness checks to verify the reliability of the results, finally quantifying the relationships. The function for calculating
the PCC is given in Eq. (7) (Shi et al., 2023).

Cov, (x,¥)
plx,y)=—"———

ox-oy )
In Eq. (7), p(x.y) is the PCC between variables ¥ and V. 7 is the total sample size, and O refers to the linear

correlation strength and direction between the variables. The t-test used by the PCC model to check significance is
described in Eq. (8) (Bu and Sun, 2024).

£=r n_ZZL(n—2)

1-r (8)

In Eq. (8), ! represents the t-test for determining whether the correlation coefficient is significantly different from
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zero. " is the total sample size, and 7 is the observed correlation coefficient. The PCC model also uses confidence intervals
to measure the error of the results, as defined in Eq. (9) (Ballukja et al., 2025).

) %
CI(p) =| tanh(a tanh(») — —£2—), tanh(a tanh(r) + —£2—)

Jns Jns

©)

In Eq. (9), Cl(p) is the confidence interval for © . @ is a constant used for constraint, and Z is a specific sample.
However, the PCC model has limitations when used alone. It cannot capture nonlinear relationships, and is highly sensitive
to outliers and units of measurement. To overcome these problems, the SRCC algorithm is used. SRCC evaluates
monotonic relationships between variables by ranking the data and calculating correlations based on these ranks (Guan et
al., 2024). This study incorporates SRCC into the PCC model to form the SRCC-PCC model. The process of capturing
complex relationships among international economic development factors is shown in Fig. 4.
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Fig. 4. Process of the SRCC-PCC model for quantifying variable relationships (Icon source from:

https://iconpark.oceanengine.com/home)

In Fig. 4, SRCC-PCC processes both linear and nonlinear relationships based on variable characteristics. PCC computes
the coefficients using raw data, while SRCC first ranks the data and then applies the PCC to the ranks, generating multiple
sets of values. Comparing the coefficients from PCC and SRCC indicates whether the relationship is linear and whether
the data are free of outliers. This process ultimately enables the quantification of variable relationships. The rank-based
coefficient from SRCC is expressed in Eq. (10) (Amman et al., 2023).

6->" Ad
pv=1_ Z:znl
nn” —1) (10)

In Eq. (10), P is the rank-based PCC from SRCC.  is the sample size, such as the number of countries or total GDP

over recent years. Ad g the rank difference between the two variables. SRCC can also calculate the PCC using the
covariance of ranks. This process is described in Eq. (11) (Yu and Hutson, 2022).

. Cov(Rank(X "), Rank(Y"))
J/Var(Rank(X ) - Var(Rank(Y"))

Y2,
an
In Eq. (11), P is the PCC based on the covariance of variables in SRCC. Rank()
variables X' and Y into rank sequences for sorting.

represents the conversion of

2.3. Construction of the International Economic Development Factor Analysis Model

The H-Mine-FP-Growth hybrid algorithm not only inherits H-Mine's efficient processing capability for high-dimensional
and sparse data but also retains FP-Growth's high efficiency in mining internal relationships among variables. It balances
mining depth with computational efficiency. Meanwhile, the SRCC-PCC model accurately captures linear correlations
through PCC and effectively analyzes monotonic relationships in nonlinear and non-normal distributions through SRCC.
By comparing the results of the two algorithms, it quantitatively evaluates relationships between variables in a
comprehensive and precise manner. Based on these advantages, this study integrates the H-Mine-FP-Growth hybrid
algorithm with the SRCC-PCC model to comprehensively analyze and visualize the relationships between international
economic development factors. The structure of this integrated framework is shown in Fig. 5.
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Fig. 5. Process of analyzing the relationships among the influencing factors of international economic development (Icon
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As shown in Fig. 5, the integrated framework first preprocesses various economic indicators, separately performs
relationship mining, and correlation quantification. The H-Mine-FP-Growth algorithm conducts in-depth association
mining by generating a header table, partitioning variables, and constructing the hypergraph structure. It then performs a
comparative analysis of the results to quantify the correlations among economic indicators. Finally, the results are
integrated to provide a comprehensive quantitative analysis of international economic development factors. H-Mine
reduces computational complexity through data partitioning, and its partition memory allocation function is shown in Eq.

(12).

. |Dl.| -max,,
M- Allocation(D,) =————

T:1|Dj| (12)

M- Allocation(D,)

In Eq. (12), is the partition memory allocation function of H-Mine, D is the total database, I and

J represent specific partitions, ” is the total number of partitions, and MaXM defines the maximum memory allocated
per partition. The SRCC-PCC model automatically adjusts the correlations among variables using a nonlinear correction
equation to avoid deviations caused by linear assumptions. The equation is shown in Eq. (13).

Prs = Pp-(1+ B-|pp = ps)) (13)

In Eq. (13), Prs s the corrected variable coefficient, and B is a constant with a value range of [0,1]. Compared with
standalone H-Mine-FP-Growth and SRCC-PCC models, the integrated framework combines strong association mining
capabilities with visual correlation quantification. It also shows greater robustness against noise and interference. Based on
this framework, the study constructs a model for analyzing international economic development factors. The analytical
process of the model is illustrated in Fig. 6.
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Fig. 6. Flowchart of analyzing factors of international economic development
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As seen in Fig. 6, the model analyzes international economic development factors in three steps. First, it collects
economic indicators from major countries in recent years through various sources such as the World Bank and national
statistics bureaus. Second, it preprocesses the data by removing duplicates and noise, filling missing values, eliminating
outliers, and standardizing the data to eliminate the effects of units and dimensions. Third, it mines relationships among
economic indicator variables and quantifies their correlation strengths. H-Mine-FP-Growth sets a minimum support
threshold and constructs a hypergraph structure to extract association rules with high confidence. By comparing these
results, it quantitatively analyzes international economic development factors. During result validation, PCC generates a
correlation coefficient matrix, which is shown in Eq. (14) (Li et al., 2024).

L py o Py
R=|P2 L P
pkl pkz 1 (14)

In Eq. (14), R is the correlation coefficient matrix of the variables, k s the total number of variables. When analyzing
the relationships between variables, PCC usually introduces control variables to obtain partial correlation coefficients. The
corresponding function is defined in Eq. (15).

Pun — Puz Pz
Ja=p5)-(=p3)

Punz =

(15)

In Eq. (15), PNz i the partial correlation coefficient between variables M and N after introducing the control

variable Z . In addition, to address issues related to diverse data sources and dynamic real-time expansion, this research
incorporates a modular data source access layer and a lightweight real-time computing engine to the proposed model. The
former uses standardized interfaces and multi-rule cleaning libraries to support data sources with different structures, such
as World Bank LDC data and IEA energy data. The latter adopts an incremental hypergraph update mechanism and
simplified quantization logic, reducing real-time data update time to one-fifth of full computation time and significantly
decreasing single-variable correlation quantization time, laying the foundation for dynamic scene analysis.

3. Results
3.1. Performance Validation of the H-Mine-FP-Growth Hybrid Algorithm

To evaluate the performance of the H-Mine-FP-Growth hybrid algorithm, the study compared it with the Improved Apriori
Algorithm (IAA), Equivalence Class Transformation (ECT), and Improved Genetic Algorithm (IGA). The experiments
were conducted on an advanced computer equipped with an Intel Core i5-14600KF CPU, NVIDIA RTX 5060ti 8GB GPU,
Windows 11 Professional operating system, 36GB DDRS5 4800MHz RAM, and a 2TB solid-state drive combined with a
2TB hard disk. All programs were developed using Python 3.8. The OECD dataset, which contains socioeconomic
information from all member countries of the Organization for Economic Cooperation and Development, was selected as
the data source to analyze global economic trends and influencing factors. The four algorithms were named Algorithm 1
through Algorithm 4. First, a comparative experiment was conducted to evaluate their accuracy and error rates in mining
the relationships among variables. The results are shown in Fig. 7.
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Fig. 7. Accuracy and error of variable relationship mining using four algorithms
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As shown in Fig. 7(a), Algorithm 1 achieved a maximum accuracy of 98.4% in identifying associations among
economic variables, which was significantly higher than the 87.1% of Algorithm 2, 84.3% of Algorithm 3, and 81.8% of
Algorithm 4. This indicated that Algorithm 1 was more compatible with economic data and more effective at capturing its
features. For instance, when exploring the correlation among GDP, trade volume and employment rate, Algorithm 1 filtered
non-core interfering data such as short-term exchange rate fluctuations, accurately captured the long-term synergy patterns
among the three, and provided reliable data support for policymakers. Fig. 7(b) showed that Algorithm 1 had an average
error of only 0.59%, which was much lower than Algorithm 2's 1.76%, Algorithm 3's 2.58%, and Algorithm 4's 3.37%.
This suggested that the mining results of Algorithm 1 were more reliable and its identification of economic variable
relationships was closer to reality. The error of Algorithm 1 peaked at 0.65% during the 300th iteration and gradually
stabilized thereafter. Next, the study compared the time consumption and computational complexity of the algorithms
during rule mining. The results are presented in Table 1.

Table 1. Time and complexity comparison of different algorithms in rule mining

Experimental ) Algorithm Category
Indicators Number of fterations Algorithm 1 Algorithm 2 Algorithm 3 Algorithm 4
Iterate 100 times 83.6 137.1 150.7 184.2
Iterate 200 times 97.2 168.4 173.8 216.7
C"“S‘(‘Ese)ﬁme Iterate 300 times 118.5 193.5 197.4 243.9
Iterate 400 times 129.0 224.6 238.5 277.0
Iterate 500 times 147.3 251.2 272.6 302.4
Iterate 100 times 78.4 116.7 164.2 146.9
Iterate 200 times 93.6 153.2 201.5 173.1
Mem(ol\zyB[)jsage Iterate 300 times 107.2 187.9 236.8 227.0
Iterate 400 times 126.9 213.0 255.1 269.6
Iterate 500 times 138.4 257.6 283.4 302.7

In Table 1, Algorithm 1 reached its maximum time consumption of 147.3 ms at the 500th iteration, which was
significantly lower than the 251.2 ms of Algorithm 2, 272.6 ms of Algorithm 3, and 302.4 ms of Algorithm 4. This
demonstrated Algorithm 1's superior adaptability to high-dimensional and large-scale data and its higher efficiency in
resource utilization. Furthermore, the increase in time consumption with more iterations was the smoothest in Algorithm
1, with only a 63.7 ms increase after 500 iterations, again outperforming the other three algorithms. The maximum memory
usage of Algorithm 1 was only 138.4 MB, which was lower than the 257.6 MB of Algorithm 2, 283.4 MB of Algorithm 3,
and 302.7 MB of Algorithm 4. This showed that Algorithm 1 had a more reasonable structural design, resulting in higher
potential for robustness and resource efficiency. In the real-time scenario of sudden changes in the international economic
situation, Algorithm 1 could quickly process new high-dimensional sparse economic data (such as export data of new
trading partners and industry output data under price fluctuations), complete the update of core association rules within
minutes, and thus avoid economic losses caused by lagging policy responses. Overall, Algorithm 1, the H-Mine-FP-Growth
hybrid algorithm, efficiently and accurately mined the hidden relationships among economic indicators with minimal error,
ensuring high result reliability.

3.2. Performance Testing of the SRCC-PCC Model

To test the performance of the SRCC-PCC model in quantifying variable correlations, this study compared it with the
Improved Vector Autoregression (IVAR), Least Absolute Shrinkage and Selection Operator (LASSO), and Improved
Multiple Linear Regression (IMLR). The experimental settings, parameters, and dataset remained unchanged. First, the
study compared the theoretical consistency and anti-interference capability of the models. The results are shown in Fig. 8.
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Fig. 8. Comparison of theoretical consistency and anti-interference performance

As shown in Fig. 8 (a), the theoretical consistency of SRCC-PCC in quantifying variable relationships rose to 0.773
within the first 50 iterations and reached its peak of 0.889 at the 113th iteration, remaining stable thereafter. This peak was
significantly higher than the 0.752 of the LASSO model, 0.637 of the IVAR model, and 0.586 of the IMLR model. These
results indicated that SRCC-PCC provided outputs more closely aligned with established economic theory and scholarly
interpretations, thus offering higher reliability. Fig. 8 (b) shows that SRCC-PCC maintained an accuracy of 89.7% under
70 dB noise interference, while the accuracy of the LASSO model dropped to 53.8% under the same conditions,
demonstrating much lower stability. As the noise level increased from 0 dB to 70 dB, the accuracy of SRCC-PCC only
decreased by 4.6%, outperforming all three baseline models. This demonstrated SRCC-PCC's superior capability to extract
meaningful information and its robustness in noisy environments. This study then introduced the UNCTAD and IMF
datasets to further verify the generalization ability of the model. The UNCTAD dataset focused on trade and investment,
while the IMF dataset included exchange rate and macroeconomic data. The models' sensitivity was tested on OECD,

UNCTAD, and IMF datasets, and the results were validated with t-tests. The results are shown in Table 2.

Table 2. Sensitivity comparison and t-test results of four models on different datasets

Sensitivity (%)
Dataset Number of Iterations
SRCC-PCC IVAR LASSO IMLR
Iterate 100 times 92.8 80.6 70.8 86.2
Iterate 200 times 93.4 82.9 73.1 89.1
OCED Iterate 300 times 94.6 84.3 80.6 87.5
Iterate 400 times 96.3 83.5 81.2 90.4
Iterate 500 times 97.2 85.8 81.7 88.6
Iterate 100 times 91.7 73.9 82.5 64.8
Iterate 200 times 92.5 77.4 83.3 67.6
UNCTAD Iterate 300 times 94.1 76.3 85.2 69.8
Iterate 400 times 95.6 75.8 84.6 72.5
Iterate 500 times 96.9 78.2 88.0 74.7
Iterate 100 times 90.4 85.0 77.2 79.7
Iterate 200 times 923 87.6 79.8 83.5
IMF Iterate 300 times 94.0 89.3 76.5 86.8
Iterate 400 times 95.7 90.5 80.6 85.2
Iterate 500 times 97.5 88.4 82.3 87.0

Note: *, ** *** indicate significance levels of 0.1, 0.05, and 0.01, compared to SRCC-PCC.
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As shown in Table 2, SRCC-PCC achieved average sensitivity values of 94.86%, 94.16%, and 93.98% on the three
datasets, significantly higher than those of the other models. The overall variance in SRCC-PCC's sensitivity values across
the three datasets was minimal (the largest difference was only 0.88%), indicating better generalization and adaptability.
Additionally, only the LASSO model showed a significant difference from SRCC-PCC on the OECD dataset. On the
UNCTAD dataset, both IVAR and IMLR exhibited significant differences across all iteration intervals. On the IMF dataset,
only the LASSO and IMLR models showed significant differences within the first 200 iterations. These findings confirmed
that SRCC-PCC delivered more reasonable and reliable results in quantifying economic variable relationships.

3.3. Application Evaluation of the International Economic Development Factor Analysis Model

After verifying the performance of both the H-Mine-FP-Growth and SRCC-PCC models, the study further tested the
feasibility of the proposed model by comparing it with three alternative models: one based on attention mechanisms and
long short-term memory networks, the second based on Bayesian networks, and a third based on graph neural networks.
These models were labeled as Model 1 through Model 4. Economic indicators from China, the United States, the United
Kingdom, and other countries during 2015-2024 were selected as the experimental dataset. First, the study compared the
quantification results of variable correlations, as shown in Fig. 9.
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Fig. 9. Correlation quantification of economic indicators using four models

As shown in Fig. 9 (a), Model 1 successfully quantified multiple sets of variable correlations, and its results were closest
to 1. This indicated that Model 1 had stronger recognition capability for large and complex datasets and produced more
reliable outcomes. It also demonstrated the ability to capture dynamic relationships among variables. Figs. 9 (b) through 9
(d) showed that Model 3 had the weakest performance in describing variable relationships, and Model 4 had the lowest
degree of correlation quantification. Although Model 2 outperformed Models 3 and 4 in several aspects, it was still clearly
inferior to Model 1 in terms of quantifying variable relationships. Next, the study compared the models' support for
identifying development factors and their data coverage, as shown in Fig. 10.
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Fig. 10. Support and data coverage of four models in identifying development factors

As shown in Fig. 10 (a), Model 1 reached the highest support value of 95.2% in the 18th experiment, significantly
surpassing the 84.6% of Model 2, 73.8% of Model 3, and 69.7% of Model 4. This indicated that the combinations of
variables it has mined, such as cross-border capital flows, exchange rates, and foreign exchange reserves, frequently appear
in the data of major global economies, possess universal applicability, and are conducive to alleviating the fluctuations and
inflationary pressures in the global industrial chain. Fig. 10 (b) showed that Model 1 achieved a data coverage rate of
93.9%, much higher than Model 2's 82.8%, Model 3's 78.4%, and Model 4's 81.2%. This suggested that Model 1 had a
stronger ability to cover relevant data relationships without missing key variable combinations. For instance, when
analyzing the relationship between agricultural subsidies and the reduction of the rural poor population, Model 1 could not
only capture the correlations of high subsidies, high mechanization, and low poverty rates in developed countries, but also
the distinctive correlations of precise subsidies, improved agricultural production efficiency, and decreased poverty rates
in developing countries, thereby providing differentiated references. The study then extended the time range to 2005-2024
and divided it into two periods: 2005-2014 and 2015-2024. Countries were also grouped into developed and developing
nations. The quantification accuracy of the models was compared across these different samples, and the results are shown
in Table 3.

Table 3. Quantification accuracy of variable relationships across different samples

' Precision (%,
Sample Category Number of Experiments recision (%)

Model 1 Model 2 Model 3 Model 4

Experiment 10 90.4 82.2 76.6 79.3

Experiment 20 92.3 82.8 78.2 82.6

Country's Experiment 30 93.5 84.1 80.3 83.7
Experiment 40 95.7 83.0 83.4 85.2

Experiment 50 95.9 86.7 84.8 89.1

Experiment 10 91.6 76.3 82.5 62.8

Experiment 20 92.1 77.9 80.7 64.3

Times Experiment 30 933 79.2 83.4 65.7
Experiment 40 94.2 81.5 84.9 70.6

Experiment 50 96.4 82.8 86.3 73.9

As shown in Table 3, Model 1 achieved the highest accuracy of 95.9% and 96.4% across country and time samples,
respectively, and its average accuracy was highest at 93.56% and 93.52%. The above experimental data indicated that
Model 1 had a strong generalization ability and could support policy planning across periods and economies. For instance,
during the traditional industrialization period, Model 1 could precisely quantify the relationship between industrial
investment and economic growth, providing a basis for countries to formulate industrialization policies at that time. In the
digital economy era, Model 1 could further quantify the correlation between digital infrastructure and economic growth,
thereby guiding countries to shift towards digital economy investment. Finally, the study compared the four models in
terms of overlap rate and error when quantifying correlations among large-scale indicators. These results are shown in Fig.
11.
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Fig. 11. Overlap rate and error of correlation quantification using four models

In Fig. 11 (a), Model 1 achieved an overlap rate of 96.5% in quantifying indicator correlations, significantly higher than
the 89.4% of Model 2, 85.8% of Model 3, and 83.1% of Model 4. This indicated that Model 1 more precisely identified
relationships among core variables and demonstrated better adaptation to large-scale data distributions. Fig. 11 (b) showed
that the average error in overlap rate for Model 1 was only 0.41%, lower than the 2.17% of Model 2, -2.05% of Model 3,
and -1.94% of Model 4. Model 1 also had the fewest outliers and the highest number of valid quantification results,
indicating its more reasonable structure and greater reliability in explaining economic indicators. The study further divided
60 economic indicators into high, medium, and low correlation groups, with 20 samples each labeled as 0, 1, and 2. The
models' performance in identifying these groups was compared using confusion matrices, as shown in Fig. 12.
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Fig. 12. Confusion matrix of correlation level classification
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In Fig. 12 (a), Model 1 achieved recall rates of 95.0%, 85.0%, and 90.0% for the high, medium, and low correlation
variables. Its overall accuracy was 90.0%, and it correctly identified 19 of the 20 highly correlated variables, misclassifying
only one as low. Fig. 12 (b) showed that Model 2 had the lowest precision (57.1%) for high-correlation variables and the
lowest overall accuracy at 66.7%. Model 3 achieved only 55.0% recall for low-correlation variables, with an accuracy just
1.6% higher than Model 2, both underperforming compared to Model 1. The precise identification ability of Model 1 could
help policymakers focus on the core of economic development, prioritize the investment of limited resources to enhance
policy effectiveness, thereby reducing unnecessary regulation and avoiding the waste of policy resources.

4. Discussion

To address the limitations of existing international economic factor analysis methods, such as low efficiency, insufficient
accuracy, and large result errors, the study introduced H-Mine and SRCC to optimize the FP-Growth and PCC model. This
resulted in the H-Mine-FP-Growth hybrid algorithm and the SRCC-PCC model. Their performance was tested through
experimental validation. The results showed that the H-Mine-FP-Growth hybrid algorithm achieved an accuracy of 98.4%
in mining associations among economic variables, with an average error as low as 0.59%. This is similar to the result
obtained when Trabelsi MA explored the impact of artificial intelligence on economic development. Trabelsi M. A
analyzed the impact of artificial intelligence on economic development by introducing two factors, labor and capital, and
argued that it could enhance the efficiency of economic development by analyzing a large amount of data and significantly
improve the implementation process of economic decisions. (Trabelsi M A, 2024). Additionally, the hybrid algorithm
consumed only 147.3 ms of processing time and 138.4 MB of memory during the mining process, outperforming other
algorithms. These outcomes were consistent with the experimental findings of E. A. Widjaja on the effectiveness of Apriori
and FP-Growth (Widjaja, 2024). The reason behind this performance is that the H-Mine-FP-Growth hybrid algorithm
leverages the data compression structure of FP-Growth to reduce the data scale, while it sets reasonable thresholds to
construct the FP-tree and improve result accuracy. Meanwhile, H-Mine efficiently processes low-frequency items, reduces
memory usage, and lowers computational complexity, thus significantly enhancing computational efficiency.

The performance validation of the SRCC-PCC model showed that its theoretical consistency in quantifying variable
correlation reached 0.889, and its accuracy remained at 89.7% even under strong noise interference of 70 dB. When tested
across three different datasets, its average sensitivity reached 94.86%, 94.16%, and 93.98%, with sensitivity differences of
only 0.7%, 0.88%, and 0.18%. This idea is similar to that of scholar Qin Y,, who has used intelligent algorithms to analyze
the trend of economic development. Qin Y conducted a qualitative clustering analysis of 2,211 economic-related literatures
through different measurement methods and intelligent algorithms, and found that the mining of economic data correlation
relationships is a key direction for future economic development research. (Qin Y, et al., 2024). In practical applications,
the proposed model based on H-Mine-FP-Growth and SRCC-PCC also showed excellent performance. In the experiment
on quantifying the correlation of economic variables, the model demonstrated stronger recognition ability for large-scale
complex data and better capability in capturing dynamic relationships among variables. The model achieved a support
value of 95.2% and a data coverage rate of 93.9% in identifying international economic development factors. It further
reached an accuracy of 95.9% for country samples and 96.4% for time samples. Moreover, the model achieved an overlap
rate of 96.5% when quantifying indicator correlations, with an error rate as low as 0.41%. These findings were similar to
the experimental results of the team led by Yu and Hutson (2024), who used a weighted PCC model to evaluate t-test errors
in statistical software packages. This is because the PCC model calculates the linear correlation between variables while
removing irrelevant factors, which helps reduce the impact of unrelated variables on the results. It also filters key variables
to enhance data consistency and reliability, thereby reducing experimental errors. In the comparison of international
economic development factor analysis results, the recall rates for high, medium, and low correlation variables using the
proposed model were 95.0%, 85.0%, and 90.0%, respectively. All of these performance indicators outperformed the three
baseline analysis methods. The model provides a more comprehensive basis for decision-making in the formulation of
economic policies (Purnomo S, et al., 2024).

Although the performance verification of the H-Mine-FP-Growth hybrid algorithm and the SRCC-PCC model used
the OECD dataset as the core benchmark, the UNCTAD dataset (focusing on international trade and investment) and the
IMF dataset (covering exchange rates and global economic statistics) were subsequently introduced for extended tests. The
adaptability of the proposed model to the relevant data of non-OECD economies was briefly verified. For example, the
average sensitivity of SRCC-PCC under the UNCTAD dataset reached 94.16%, which was only 0.70% lower than the
average sensitivity of 94.86% under the OCED dataset. Moreover, when mining correlations such as primary product
exports, foreign exchange reserves, and regional trade agreements of developing countries, the data coverage rate of SRCC-
PCC still remained at 92.3%, close to 93.9% of the OECD dataset. This indicates that the difference in the proposed model's
ability to capture the core economic relations of developing economies and its data processing performance for OECD
economies is relatively small. However, the study did not conduct experiments on the characteristic economic indicators
of some low-income non-OECD countries, such as those in Africa and South Asia. This may lead to insufficient
generalization of the model in economies with low economic complexity [32]. Future research should supplement special
datasets containing data from low-income countries to further test the effectiveness of the model when applied to typical
economic chains in developing countries. At the same time, future research should clarify the applicable boundaries of the
proposed model at different economic development stages by comparing the quantitative results of variable correlations
between emerging economies and traditional industrialized countries, in order to meet the needs of cross-economic policy
analysis.



Journal of Engineering, Project, and Production Management, 2026, 16(1), 2025-198

The contributions of this study are mainly reflected in the following three aspects: first, The study optimized the
traditional FP-Growth algorithm and PCC model by introducing H-Mine and SRCC, resulting in the improved H-Mine-
FP-Growth hybrid algorithm and SRCC-PCC model, second, The study combined H-Mine-FP-Growth and SRCC-PCC
into a unified framework and built a new international economic development factor analysis model based on this
framework., third, The study successfully applied the proposed model to real-world international economic development
factor analysis and verified its feasibility and advantages through direct comparisons with three existing analysis models.
These three contributions provide new perspectives and approaches for related fields and support further exploration of
international economic development trends.

5. Conclusion

In response to the limitations of current international economic factor analysis methods, this study proposed an integrated
framework based on the H-Mine-FP-Growth hybrid algorithm and the SRCC-PCC model. On this basis, a comprehensive
analysis model for international economic development factors was constructed. The results showed that the proposed
model not only accurately identified association rules among economic indicator variables but also intuitively quantified
the degree of correlation between variables. Although the comparative experiments in the research were mainly based on
the OECD dataset, the cross-economic application potential of the model was verified through the expansion of multiple
datasets. Especially when dealing with economic data related to international trade and exchange rates of emerging
economies and developing countries, the model demonstrated strong robustness and generalization. Although the proposed
model performed very well in practical applications, the experiment did not break down all economic indicators, and the
validity of the analysis of characteristic economic indicators of low-income non-OECD countries needs to be further
verified. Future research should integrate more data from non-OECD economies to enhance the model's adaptability to
economies with different levels of economic development and industrial structures, thereby providing more comprehensive
data support for the formulation of global economic policies.
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