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Abstract

This paper proposes a novel backbone extraction
framework tailored for financial transaction networks
(FTNs), which are inherently directed, weighted, and
often dense. Traditional backbone extraction methods
typically assume undirected or symmetric structures
and struggle to capture the role-specific, directional
nature of financial data. To address this issue, we
introduce an Asymmetric Non-negative Matrix
Factorization (Asymmetric NMF) technique that
decomposes FTNs into low-rank representations,
preserving directional features while simplifying
network complexity. This method effectively isolates
the most significant inter-firm financial relationships
and identifies influential firms from both buyer and
seller perspectives. The model is validated using real-
world industrial  financial  transaction  data,
demonstrating its superiority over existing backbone
extraction methods in interpretability and structural

fidelity.

Keywords: Financial transaction networks, Backbone
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1. Introduction

In recent years, financial transaction networks
(FTNs) have emerged as an effective analytical
framework for modeling inter-firm relationships
across industrial ecosystems. By representing firms as
nodes and transactions as directed, weighted edges,
FTNs allow for a richer understanding of market
hierarchies, economic dependencies, and systemic
risks than traditional firm-level metrics such as
revenue or credit ratings can provide (Bose & Kim.,
2025a). As these networks grow in scale and
complexity, however, direct visualization and
interpretation become increasingly difficult. To
address this, backbone extraction techniques have
been proposed to distill the essential structure of the
network by filtering out redundant or insignificant
transactional links.
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Classical backbone extraction methods, such as
disparity filters (Serrano et al., 2009) and k-core
decomposition (Carmi et al., 2007), use global or
degree-based thresholds. While effective for
simplification, they often overlook key features of
FTNs, including transaction directionality and the
asymmetry of firm roles, leading to loss of important
economic semantics.

Financial transaction networks (FTNs) differ
materially from general social or information
networks, they are directed and weighted, often
aggregating multiple transactions between the same
firms over time (Bose & Kim, 2025b). Methods that
assume symmetric or unweighted interactions can
miss the asymmetric flow of financial resources and
obscure the most economically influential links. For
example, global thresholding (Hmaida et al., 2024) a
common backbone technique based on global cutoffs,
may underfit the heterogeneity of FTNs, either
discarding important ties or retaining insignificant
ones.

This paper addresses this gap by extracting
economically meaningful backbones tailored to FTNs,
highlighting structurally significant firms and
transactions to identify  systemic-risk  hubs,
bottlenecks, and key dependencies. In complex
transaction networks, the proposed method preserves
directed structures, revealing risk clusters and central
pathways that standard pruning may miss. Similar
approaches have been applied in other settings
(Ghalmane et al., 2021), but FTNs require methods
that account for directionality, weight heterogeneity,
and role asymmetry.

To this end, this paper proposes a novel backbone
extraction framework based on Asymmetric Non-
negative Matrix Factorization (Asymmetric NMF). By
decomposing the adjacency matrix of the transaction
network into two role-specific low-rank matrices, the
method captures the latent behavioral patterns of seller
and buyer firms separately. This decomposition
enables us to retain the directional and weighted
properties of the network while effectively eliminating
noise and minor edges. Prior studies have shown the
strength of asymmetric factorization techniques in
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domains requiring direction-sensitive modeling, such
as recommendation systems and financial behavior
analysis (Yan et al., 2019).

Beyond structural simplification, our method
introduces a backbone scoring mechanism that
quantifies the systemic importance of each firm from
both supplier and buyer perspectives, offering
actionable insights for systemic risk monitoring,
regulatory oversight, and supply chain resilience. By
identifying firms with disproportionate influence in
financial flows, stakeholders can better anticipate
vulnerabilities and target interventions.

The primary contribution of this research is a
backbone extraction framework that explicitly models
directionality, asymmetry, and transaction intensity in
financial transaction networks (FTNs). We first
construct an asymmetric adjacency matrix by
aggregating multi-edge inter-firm transactions, then
decompose it using Asymmetric Non-negative Matrix
Factorization (Asymmetric NMF) into low-rank
matrices capturing latent roles as sellers and buyers.
High-weight, structurally significant links are
extracted via thresholding, and a backbone scoring
scheme ranks firms based on their influence from both
supplier and demander perspectives. Comparative
evaluation against standard methods, such as disparity
filters and k-core decomposition, shows that our
approach better preserves core structure and identifies
key players in dense industrial networks.

The paper is organized as follows. Section 2
reviews related work on financial transaction networks,
backbone extraction, and matrix factorization. Section
3 formulates the problem and describes the
construction of the asymmetric adjacency matrix.
Section 4 presents the proposed Asymmetric NMF
framework, including optimization and scoring.
Section 5 provides empirical evaluations and
comparisons with existing methods. Section 6
concludes with key contributions, implications, and
future directions.

2. Literature review

This section reviews prior work on backbone
extraction in complex networks and the visualization
of supply chain networks. Given the limited research
on financial transaction networks, we first review
general backbone extraction methods, then discuss
supply chain visualization.

2.1. Backbone Extraction in Complex Networks
Complex networks contain vast number of edges,
and edge filtering while preserving nodes produces a
simplified network, known as the backbone (Serrano
et al., 2009). Backbone extraction of network has been
explored across various disciplines under different
terminologies, including network backbone extraction

(Serrano et al., 2009), simplification (Blagus et al.,
2014), abstraction (Zhou et al., 2012), reduction (Kim
et al., 2011), and sparsification (Mathioudakis et al.,
2011). The goal of backbone extraction is to retain
only the most significant connections for each entity
in the network while removing the insignificant ones.
Several backbone extraction approaches have been
proposed, including arbitrary edge weight thresholds
(Lahne, 2020), minimum spanning trees (Macdonald
et al., 2005), disparity filters (Serrano et al., 2009), k-
core measures (Chalupa et al., 1979), and global
thresholds (Dai et al., 2018). Filter-based methods can
be classified by the type of information used, local,
global, or both (Ghalmane et al., 2020). The three
common backbone extraction methods are presented
below.

The Disparity Filter (Serrano et al., 2009) is a local
measure-based approach that extracts the network
backbone by assessing the statistical significance of
individual edge weights. This method enhances the
link weight-based method by incorporating statistical
significance in edge filtering. It operates under the
assumption that a node’s normalized edge weights
follow a uniform distribution. The method begins by
normalizing the weights of each edge (i, j) connected
to a node i based on its strength, which is the total sum
of the weights of all its edges. A null model is then
introduced, assuming that the weights of these edges
follow a uniform distribution. Next, the probability a;;
is calculated to determine whether the normalized
weight of an edge (i, j) aligns with this null model.
Edges meeting the condition a;; < o, where a is the
chosen significance level, are retained in the backbone,
ensuring that only statistically significant edges
remain. Since each node has a distinct null model, the
significance of an edge’s weight may differ across
nodes, introducing potential asymmetry in
significance evaluation. This method is designed to
emphasize edges that account for a substantial portion
of a node’s local strength and weight magnitude,
ultimately preserving the most structurally relevant
connections within the network.

The Global Threshold Method is a commonly used
approach for extracting the network backbone based
on global measures (Hmaida et al., 2024). It works by
applying a preset threshold and preserving only the
edges with weights exceeding this value (Dai et al.,
2018). The threshold value can be determined in
multiple ways, such as a fixed numerical value, a
fraction of the highest observed edge weight, or the
average edge weight (Neal, 2013). This method is
popular for its simplicity and efficiency in generating
sparser networks. However, it is essential to recognize
that the Global Threshold Method may face challenges
when applied to real-world networks. Since many real-
world networks have edge weights distributed across
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multiple scales, this variability can introduce many
difficulties. These challenges include the arbitrary
selection of thresholds, the reliance on a single scalar
threshold, and bias in preserving or removing edges
based on structure (Neal, 2014). Such limitations can
affect both the accuracy and representativeness of the
extracted network backbone.

The third category of filtering methods combines
both local and global measures. Within this framework,
the h-Backbone approach is proposed (Zhang et al.,
2018), which follows three key steps. The bridge
measure of a link is equal to its betweenness divided
by the total number of nodes in the network.
Additionally, h;, denotes the highest value such that
there are h; links, each having a bridge measure
greater than or at least equal to h,. The first step
involves identifying the links with a bridge measure
value greater than or equal to the h-bridge h;,. Let hg
denote the largest number such that there are h; links,
each having a strength greater than or equal to hy. The
second step involves identifying the links with a
weight greater than or equal to the h-strength hg. In the
final step, the edges chosen from the previous two
stages are combined to create the h-backbone. This
method identifies significant links that connect the
network using the h-bridge, as well as high-strength
links situated in the core of the network through the h-
strength (Ghalmane et al., 2020).

In brief, existing backbone methods simplify
complex networks by filtering edges using local,
global, or hybrid criteria. While simple and fast, they
treat edges in isolation and are typically
undirected/role-agnostic, ~which can  collapse
directionality and prune mid-weight yet structurally
critical bridges.

2.2. Visualization of Supply Chain Network

Visualization has long been used to make supply-
chain structure and inter-firm flows intelligible for
analysis and decision support. As business
relationships have evolved from a sequential and
linear structure to interconnected networks,
visualization has become central to business
intelligence and to navigating complex networks of
competitive and financial ties (Bengtsson & Kock,
2000; Park et al., 2016). The supply chain of a product
refers to the interconnected network of companies and
facilities engaged in converting raw materials into a
finished product and distributing it to customers.
Within the supply chain, physical, financial, and
informational flows take place among various firms
(Souza, 2014).

The study of supply chains has been explored
within the information visualization community
(Bernstein et al, 2015). Examples include
representing supply-chain interactions and cost trade-

offs with system-dynamics/causal-loop diagrams
(Minegishi & Thiel, 2000). Recent work integrates
geospatial data (e.g., GIS) to render multi-dimensional
views of supply chains (Greer, 2013). A framework for
visually representing the geographical attributes of a
supply chain was developed by using a case study
from the transport container industry (Hu et al., 2010).
Similarly, a visualization approach for mapping
relevant information to the progress of building
construction, including supply chain aspects, was
studied (Kassem et al., 2010).

Taken together, this literature establishes the
value of visual summaries for navigating complex
supply networks (Souza, 2014; Bernstein et al., 2015).
However, most prior systems begin from undirected or
role-agnostic  network  summaries, focus on
cartographic or dashboard integration, and do not
address the directed, weighted, and role-asymmetric
nature of financial transaction networks (FTNs) where
the same firm is simultancously a seller to some
partners and a buyer to others, often with multiple
reciprocal transactions. Such starting points can
collapse directionality, blur one-sided dependencies
and exposure paths, and make it difficult to identify
dominant suppliers, dominant demanders,
hubs/bridges, and potential bottlenecks in B2B
markets.

To our knowledge, there is no prior work that
derives a role-aware backbone from directed, multi-
transaction FTNs specifically to support supply-
network visualization. In this study, we address that
gap by first obtaining a role-separated representation
of firm-to-firm flows and then extracting a sparse
backbone that preserves principal directed transactions;
the backbone drives a compact encoding (seller/buyer
influence and retained transaction intensity) that yields
interpretable and actionable views.

3. Proposed Backbone Extraction Method

In this section, we present the proposed method
for extracting the backbone of financial transaction
networks (FTNs) using an unsupervised matrix
factorization approach tailored to directed, weighted,
and multi-edge graphs. We first describe the
construction of an aggregated asymmetric adjacency
matrix from inter-firm transactions. Next, we
introduce the backbone extraction framework based
on Asymmetric Non-negative Matrix Factorization,
detailing the iterative optimization steps and
procedures for identifying backbone edges and critical
nodes. Finally, we explain the computation of
backbone scores to rank the most influential firms
from both seller and buyer perspectives.
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Figure 2. Frobenius norm reconstruction error,

plotted against the number of latent dimensions &k,
The red dashed line indicates the detected elbow
point, representing the optimal number of
components where further increases yield minimal
improvement in reconstruction.

3.1. Network Representation and Problem
Formulation

A network is an efficient tool for visualizing and
understanding a system comprising many components
and their relationships. An interfirm transaction
network can be represented as a directed graph with
nodes and edges. A node represents a company or firm,
and an edge represents a transaction between two
companies or firms. In this interfirm transaction
network, let G(V, €) represent a directed, weighted
graph, where V' = {n;}\, is a set of N firms and € =
{eij}5'=1 is a set of E directed weighted edges in G;
here, the weight represents the number of transactions
from firm i to firm j.

Figure 1. (a) shows a graphical representation of a
sample of directed multi-transactions between two
firms, i and j. The network is represented as an
N x N adjacency matrix A, where the (i, j)™" entry
counts the number of transactions from firm i to firm
j. (b) The corresponding adjacency matrix, showing
two transactions from i to j (A;; =2) and one
transaction from j to i (4;; = 1).

3.2. Extracting the Backbone of Transaction
Networks using Asymmetric NMF Decomposition

This section outlines the full pipeline of the
proposed backbone extraction method for FTNs based
on asymmetric non-negative matrix factorization.

3.2.1 Why Asymmetric NMF and Backbone
Extraction for Directed FTNs

While our method shares roots with collaborative
filtering, using matrix factorization to uncover latent
structures (Koren, 2009), its objectives differ.
Collaborative filtering, common in recommender
systems (Ekstrand et al., 2011; Koren, 2009), typically
uses symmetric user-item matrices to predict missing
preferences. In contrast, financial transaction networks

(]
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(a) Original Graph (b) Adjacency Matrix
Figure 1. Graphical representation of inter-firm
transactions.

(FTNs) are directed and weighted, representing
asymmetric supplier-buyer relationships. To capture
this, we use an asymmetric NMF formulation that
explicitly models directionality, unlike standard
collaborative filtering.

Moreover, unlike recommender systems that aim
to reconstruct complete preference scores, our goal is
to identify the backbone of economically significant
transactions. We apply a percentile-based threshold to
the reconstructed adjacency matrix to remove weak or
noisy transactions while retaining structurally and
economically meaningful links. This ensures that the
factorization reflects both reconstruction accuracy and
economic interpretability, highlighting dominant
firms and key transactional flows. Additionally,
network-based metrics such as degree and closeness
centrality are used to validate backbone quality, an
evaluation absent in conventional collaborative
filtering. Overall, our approach adapts matrix
factorization to the unique characteristics of FTNs,
maintaining methodological rigor and economic
relevance.

3.2.2.  Matrix Factorization and Backbone
Reconstruction

In this section, we describe the framework of the
proposed method for extracting the backbone of a
directed, weighted financial transaction network
(FTN). We employed asymmetric Non-negative
Matrix Factorization (Asymmetric NMF) (Lee &
Seung, 2000). The goal is to identify a compact set of
dominant inter-firm transaction relationships that
highlight the structural core of the market, preserving
essential information while removing redundant or
noisy edges.

We begin by constructing a transaction network
represented as an adjacency matrix A € R™*™, where
m and n correspond to the number of unique seller
and buyer firms, respectively. Each element A;;
denotes the number of transactions from firm i
(seller/supplier) to firm j (buyer/demander). As firms
can transact multiple times, the entries in A;; are non-
negative integers. A value of zero indicates no
transaction from firm i to firm j, while higher values
reflect the frequency of financial transactions. This
formulation naturally leads to an asymmetric and non-
negative matrix, making it suitable for Asymmetric
NMF.
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To capture the latent transactional patterns
between firms, we approximate 4 as the product of
two low-rank non-negative matrices as follows:

A ~WH €]
Here, W € R™*K captures the latent features of
supplier (seller) firms, and H € R**™ captures the
latent features of demander (buyer) firms. The value
of k <« min(m,n) controls the number of latent
dimensions, effectively reducing the high-dimensional
transaction space into a more compact and informative
representation. Usually, k is chosen to be smaller than
m or n, so that W and H are smaller than the original
matrix A. This low-rank decomposition preserves the
essential structure of financial interactions while
filtering out weaker financial transactions.

Prior to the iterative update begins, the factor
matrices W and H are initialized with small random
positive values to satisfy NMF’s non-negativity
constraints and avoid degenerate solutions (Mankad &
Michailidis, 2013). The initialization also influences
convergence and the quality of factorization, guiding
the optimization toward a local optimum that captures
the network’s latent transactional structure (Lee &
Seung, 2000).

The factor matrices are then optimized using
multiplicative update rules (Lee & Seung, 2000), a
widely adopted method in NMF literature. These rules
iteratively refine the matrices W and H while
maintaining non-negativity, as follows:

AHT

W< WX T 2)
WHTH +e
wTa
H<HXx WTWH+e ©)

Here, Wand H denote the latent feature matrices of
supplier and demander firms respectively, WT and H”
denote the transpose matrices of Wand H, and € is a
small positive constant introduced to ensure numerical
stability by preventing division by zero. The iterative
updates are repeated until the approximation error,
quantified using the Frobenius norm ||A — WH| |F,

falls below a predefined convergence threshold §, or
until a maximum number of iterations is reached
(Arora et al., 2012). This stopping criterion ensures
computational efficiency while promoting accurate
reconstruction of the underlying network structure.
Upon convergence, the product A = WH yields a
reconstructed  approximation of the original
asymmetric adjacency matrix A. This reconstructed
matrix can be interpreted as a denoised and important
representation of the financial transaction network
(FTN), capturing the latent structure of firm-to-firm
interactions. To isolate the most structurally and
economically significant relationships, a thresholding
operation is performed on A. Specifically, an edge
(i, ) is retained in the extracted backbone if 4 > T,
where 7 is a predefined scalar threshold. This selective

pruning process effectively removes weaker or less
influential transactional links, thereby distilling the
network to its most salient and representative
backbone structure.

The number of latent dimensions, k, was selected
by balancing reconstruction accuracy and model
simplicity. We evaluated the Frobenius norm of the

. 2 .
reconstruction error, ||A —WH ||F, across candidate

values and applied the elbow method (Ketchen &
Shook, 1996) to identify the point of diminishing
returns. This ensured that k captured the dominant
structural patterns of the transactional data while
minimizing overfitting and spurious factors.

3.2.3. Identification of Key Players Using Backbone
Scores
After reconstructing the denoised transaction
network A = WH through asymmetric non-negative
matrix factorization (NMF), the next crucial step is to
identify and rank the most influential firms within the
financial transaction network (FTN). These firms,
often referred to as key players, represent central
entities in the network’s economic activity, either as
dominant sellers, frequent buyers, or entities with a
large overall transactional presence (Kamath et al.,
2011). To this end, we propose a scoring mechanism
that assigns each firm a quantitative measure of its
importance, referred to as the Backbone Score. The
backbone score for a node is derived from the
reconstructed transaction matrix A = WH , which
approximates the observed transactional activity while
suppressing noise and less significant interactions.
Since the reconstructed matrix retains the key
transactional patterns captured by the latent space of
the factorized matrices Wand H, it offers a meaningful
basis for ranking firms by their influence in the core
transaction structure. Each row in WH corresponds to
a seller firm, and each column corresponds to a buyer
firm. The entries in WH represent estimated
transaction  intensities  after  denoising  and
dimensionality reduction. The Overall Backbone
Score for a seller firm i quantifies its aggregate
contribution across all inferred buyer connections in
the backbone. It is defined as:
Si = Xj=1(WH);; “)
This score measures how central a firm is in the
reconstructed network based on all its outgoing
interactions. A higher value of S; suggests that firm i
acts as a significant firm in the FTN, contributing to
multiple strong transactional links.
To decompose the influence further, we compute
two additional scores based directly on the factor
matrices:

Ssetteri = 2}21 Wij (5)
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Here, S¢eyer; reflects the seller score which aggregate
latent intensity of a seller firm i in the matrix W.

This score provides insight into how strongly the
seller firm is represented across the k latent
components, indicating its embedded transactional
role in different market patterns. Similarly, the buyer
score of the demander firms represent as follows:

regulators, analysts, and policymakers monitor
systemically  important  firms, assess  risk
concentrations, and design targeted interventions. The
role-based scores provide a detailed view of a firm’s
transactional involvement, distinguishing between
sourcing and distribution activities.

(a) Complex network structure

(b) Visualization result after backbone extraction

Figure 3. Resulted extracted backbone firms of the industrial market.

sbuyer,j = f:l Hij (6)
Here, Spyyer,j captures the strength of the buyer firm’s
participation across the learned latent factors and its
potential to aggregate or absorb transactions from
diverse sellers. These decomposed scores allow ones
to analyze the network from two complementary
perspectives; sellers or suppliers who distribute
financial flows and buyers or demanders who
concentrate or diversify incoming transactions.

Once the backbone scores are computed, a top 7'
ranking and selection strategy is employed to identify
the most influential firms within the financial
transaction network. Firms are ranked based overall
score. While top seller firms are ranked by the seller
score, and top buyer firms are ranked by the buyer
score. The overall score reflects a firm's cumulative
involvement in significant transactions across the
network, while the seller score quantifies a firm's
prominence in supplying goods or services, and the
buyer score captures the extent of a firm's purchasing
activity. The overall score is obtained by summing (or
weighting) these two scores. To aggregate a firm’s
roles as seller and buyer, we define the overall
influence score for firm i as Syperai; = A Ssenter,i +
ﬁsbuyer,j' (X,ﬁ = O' where sseller,i and Sbuyer,j arc
given in Egs. (5)-(6). Unless noted, set @ = = 1.
Firms are ranked by §;,eq; in descending order to
obtain the Top-T list. For role-specific analyses we
rank by sseller,i or sbuyer,j-

This multi-perspective ranking identifies key
entities that play dominant roles in different functional
capacities within the market. Such insights help

!https://www.kisti.re.kr/eng/

4. Experimental Analysis and Results

In this section, we discuss the experiments conducted
using the proposed backbone extraction method and
evaluate its performance by comparing it with other
methods. We conducted experiments using the
proposed method on real-world financial transaction
datasets. We evaluate the results and validate the
proposed method by comparing it with existing filter-
based backbone extraction methods.

4.1. Data Description

We applied the proposed backbone extraction method
to real-world industrial market datasets from the Korea
Institute of Science and Technology Information !
(KISTI), which include inter-firm transactions across
multiple  industries such as  manufacturing,
construction, trade, transportation, and technology.
After removing firms with missing information, the
dataset comprised 24,318 firms and 380,009
transactions. Focusing on the most interconnected
firms, particularly in Korea’s dominant motor vehicle
and electrical equipment sectors, we analyzed a subset
of 4,680 firms and 13,602 transactions.
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Table |
Top influential firms identified from the
manufacturing industry network

ID Firm Name

2 Kia Motors Corporation

4 Hyundai Motor Company

13 Daihan Calsonic Co., Ltd.

20 GM Korea Company

24 Dong Yang Piston Co., Ltd.
26 Inzi Controls Co., Ltd.

40 Mann Hummel Korea Co., Ltd.
48 Bosch Electrical Drives Co., Ltd.
60 Sinwon Co., Ltd.

66 SL Corporation

70 Trelleborg Kun Hwa Co., Ltd.
72 Pyeong Hwa Automotive Co., Ltd.
92 Dae Dong Millennium Co., Ltd.
116 Central Corporation
147 T&G Central Co., Ltd.

4.2. Experimental Design

We preprocessed the raw transaction data into a
directed weighted adjacency matrix by normalizing
transaction amounts to the range [0,1] and removing
self-loops. The resulting matrix A, where A;;denotes
the normalized transaction from firm i (seller) to firm
Jj (buyer), was used as input for both the proposed
NMF-based decomposition and baseline backbone
methods.

The latent dimension k was selected based on the
trade-off between reconstruction accuracy and the
interpretability of the learned representations. We
evaluated reconstruction error across candidate values
and applied the elbow method to identify the point of
diminishing returns. Hyperparameters, including the
convergence threshold § and maximum iterations,
were empirically set to ensure computational
efficiency and stable convergence. Figure 2 shows the
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Figure 4. Comparison of Backbone Extraction Methods.

corresponding plot used to select the optimal number
of latent dimensions.

4.3. Experimental Results and Validation

To evaluate our proposed method for backbone
extraction, we compared it with conventional filtering
approaches, including the disparity filter (Serrano et
al., 2009) and k-core decomposition (Ghalmane et al.,
2021) based on degree and closeness centrality. These
methods simplify complex networks by retaining
structurally important components. The disparity filter
identifies statistically significant edges by comparing
observed weights against a null model, preserving
those above a confidence threshold. K-core
decomposition iteratively removes nodes below a
degree or centrality threshold, isolating the network’s
dense core. Degree centrality emphasizes nodes with
many direct connections, while closeness centrality
highlights nodes central in terms of average shortest
path distances.

For consistent evaluation, all three methods were
applied to the normalized adjacency matrix, and
degree and closeness centrality were computed to
capture local and global influence. Figure 4 shows that
the proposed method achieves higher centrality than k-
core and disparity filter methods, better preserving
central nodes and critical paths. By capturing latent
structures, the proposed approach retains meaningful
but less prominent links, outperforming conventional
techniques in complex, high-dimensional financial
networks.

In addition to structural validation, we analyzed
the top-ranked firms in the NMF-based backbone to
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Figure 5. Sensitivity analysis of the backbone extraction method under network modifications. (a) Spearman rank

correlations between original and modified edge scores, showing the stability of edge rankings under rand
removals or weight perturbations. (b) Jaccard similarity of top-ranked backbone edges, measuring overlap

between original and modified networks.
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assess their practical relevance. Firms were ranked
using weighted degree centrality from the
reconstructed adjacency matrix, with the highest
backbone scores identifying key economic actors with
disproportionately many incoming or outgoing
transactions. Table I lists the top-k influential firms
based on the proposed backbone method.

We performed a concise cross-check of our
influential-firm list of Table 1 against authoritative
public sources. First, OEM anchors in our list (e.g.,
Hyundai, Kia, GM Korea) are verified as member
automakers by the Korea Automobile Manufacturers
Association (KAMA)?. Second, for Tier-1 suppliers,
we referenced global supplier rankings and industry
studies: the Automotive News Top Global Parts
Suppliers table corroborates the prominence of leading
groups such as Bosch and MANN+HUMMEL among
top global suppliers. The overlap between our
backbone-based influential firms and public
OEM/Tier-1 references supports the face validity of
our role-aware rankings.

Table Il

Top influential seller firms identified from the
manufacturing industry network

ID Firm Name

2 Kia Motors Corporation

4 Hyundai Motor Company

10 Hyundai Sungwoo Holdings Co., Ltd.

24 Dong Yang Piston Co., Ltd.

26 Inzi Controls Co., Ltd.

28 Wooshin Safety Systems Co., Ltd.

34 Gns Automotive Co., Ltd.

40 Mann Hummel Korea Co., Ltd.

47 Inzi Amt Co., Ltd.

48 Bosch Electrical Drives Co., Ltd.

51 Hyundai Powertech Co., Ltd.

60 Sinwon Co., Ltd.

70 Trelleborg Kun Hwa Co., Ltd.

88 Y.M.P Co,, Ltd.

116 Central Corporation

We mapped the resulting top-ranked nodes to their
corresponding firm identifiers using the KEDID
attribute. The filtered set of firms was then extracted
from the original firm attribute dataset for
interpretability. The attributes shown include the
firm's unique identifier (KEDID), sectoral
classification (SIC code), and additional firm-level

2 KAMA (https://www.kama.or.kr/MainController?cmd=eng)

metadata as available. These firms are likely to play
pivotal roles in inter-industrial supply chains,
demonstrating the effectiveness of the method in
preserving economically significant entities within the
simplified network structure. Additionally, we also
extracted the top-k seller or supplier firms and top-k
buyer or demander firms, as shown in Table II and
Table III respectively.

4.4. Sensitivity Analysis

To assess the robustness of the proposed backbone
extraction method, we conducted a sensitivity analysis
focusing on the stability of the backbone structure
under small changes in the financial transaction
network. The goal was to evaluate whether the
backbone structure remains consistent when the
network data is slightly altered. We considered two
modifications. First, a small fraction of edges was
randomly removed from the adjacency matrix,
simulating potential missing or erroneous transaction
data in real-world financial systems. Second, Gaussian
noise with small variance was added to edge weights
to model minor fluctuations in transaction values. For
each modified network, the proposed method was
reapplied and backbone edges were extracted.

Table Ill
Top influential buyer firms identified from the
manufacturing industry network
ID Firm Name

1 Ssangyong Motor Company

Kia Motors Corporation
Hyundai Mobis Co., Ltd.
20 GM Korea Company

23 KM&l Co., Ltd.

32 Daedong Co., Ltd.

60 Sinwon Co., Ltd.

69 Hwashin Co.,Ltd.

78 Young Jin Co.,Ltd.

89 Hyolim Industrial Co.,Ltd.
98 Das Corp.

102 Daechang Seat Co.,Ltd.

109 Kunwoo Metal Co.,Ltd.

125 Sejong Industrial Co., Ltd.

128 Han Young Co.,Ltd.

Backbone stability was quantified using two
complementary metrics Spearman correlation (Dai et
al., 2018; Glattfelder, 2013) which measures the

* Automotive News (https://s3-prod.autonews.com/2021-12/top-
75-global-parts-suppliers.pdf)
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consistency of edge scores between the original and
modified networks, and Jaccard similarity, which
assesses the overlap between the sets of backbone
edges. Both metrics provide insights into the
preservation of the backbone’s relative importance
and structural composition under perturbations. Figure
5 shows that backbone edges remain highly stable
under network modifications. Boxplots summarize
Spearman correlations, reflecting the stability of edge
rankings, and Jaccard similarities, indicating overlap
of top-ranked edges across trials. Overall, the analysis
demonstrates that the proposed method reliably
identifies the latent structural patterns of the financial
transaction network, even in the presence of missing
or noisy data.

S. Discussions
Our backbone extraction reveals key structural
patterns in financial transaction networks (FTNs),
highlighting influential firms and critical financial
pathways, with implications for oversight and risk
management (Dai et al., 2018; Glattfelder, 2013). By
identifying the core transactional structure, regulators
and auditors can prioritize monitoring of central firms
and relationships, enabling more effective detection
and mitigation of potential cascading failures.
Moreover, the backbone also facilitates risk
propagation analysis, allowing analysts to simulate
how disruptions, defaults, or operational failures may
spread through the network. This targeted focus
provides a nuanced understanding of vulnerability and
interdependence, supporting informed decision-
making for risk containment and strategic planning.
Additionally, the backbone offers insights into supply
chain resilience, helping firms assess supplier
dependencies, identify critical relationships, and
implement strategies to enhance operational
robustness.

Finally, while the proposed method effectively
identifies the most structurally important elements,
certain limitations must be acknowledged. The
approach may be sensitive to extreme sparsity or noise
in the data, and computational scalability can pose
challenges for very large networks. Furthermore,
dynamic or temporal networks require additional
considerations to capture evolving transactional
patterns. Despite these limitations, the backbone
extraction method provides a practical and
interpretable representation of network structure, with
potential applications in financial oversight, risk
analysis, and industrial network management.

6. Conclusions and Future Research
Directions

This study introduces a novel backbone extraction
framework for FTNs using Asymmetric NMF, tailored
for directed, weighted, and role-asymmetric industrial
transactions. Unlike traditional methods such as
disparity filters or maximum spanning trees, our
approach captures latent transactional patterns while
preserving key structural and directional flows.

By representing inter-firm transactions as an
asymmetric adjacency matrix and decomposing it into
low-rank non-negative factors, the method isolates a
compact, interpretable backbone that highlights
critical supplier-buyer relationships and simplifies
dense network visualization. A role-aware scoring
scheme identifies influential firms from both seller and
buyer perspectives, supporting economic modeling
and systemic risk monitoring.

The empirical evaluation using real-world
industrial transaction data demonstrates the method's
effectiveness in reducing complexity while retaining
structural fidelity. The role-aware nature of the
decomposition and scoring process facilitates targeted
analyses, such as identifying dominant firms,
bottlenecks, or central financial hubs. Overall, the
method provides a scalable, interpretable, and role-
sensitive tool for simplifying and analyzing financial
ecosystems.

Future work includes extending the framework to
temporal FTNs, a dynamic/temporal extension of our
role-aware backbone to time-varying FTNs (with
change-point detection), scalable incremental/online
algorithms for very large networks (warm-started/
streaming NMF and distributed implementation), and
external validation and downstream applications,
including systemic-risk early warning and supply-
chain resilience metrics (e.g., stress-propagation and
supplier-substitution ~ scenarios).  Methodological
enhancements will focus on automatic latent-
dimension selection and uncertainty estimation for
influence scores to support risk-aware decisions.
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