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Abstract

The networked nature of interbank connections creates vulnerability to systemic risk, which arises
from inter-dependencies caused by common asset holdings when faced with exogenous negative
shocks. This paper employs Exponential Random Graph Models (ERGMs) to reconstruct the network
system of asset-holding correlations from the balance sheets of Chinese commercial banks from 2016
to 2022. The reconstructed network is designed to accurately mimic the topology of the real banking
system. Subsequently, a novel framework for measuring aggregate network vulnerability is applied.
This framework incorporates factors such as bank size, initial shocks, connectedness, leverage, and
asset fire sales to identify financial contagion effects. The findings indicate that the reconstructed
network system exhibits a good fit to real-world data in both its linkage structure and weight
distribution. Furthermore, the cumulative aggregate vulnerability of the network increases non-
linearly with the magnitude of the initial shock and the discount level of asset fire sales. The indirect
vulnerability for individual banks, resulting from risk contagion triggered by deleveraging and fire
sales, is substantially higher than the direct losses from initial shocks. The risk contribution to
systemic vulnerability is concentrated in large state-owned banks and national joint-stock
commercial banks. In contrast, the institutions most affected by risk shocks are predominantly small
and medium-sized rural and urban commercial banks.

Keywords: bank-asset network; bipartite network system; systemic risk; network vulnerability

1. Introduction

Since the 2008 global financial crisis, the stability of the banking system has attracted mounting
attention. As integration between banks’ asset and liability markets deepens, the increasing
segmentation and complexity of financial markets have created additional channels for financial risk
transmission, which could readily trigger systemic financial risks and amplify the financial system’s
vulnerability [1-2]. The various interactions between financial institutions can be conceptualized as a
network, and a substantial body of research has employed network theory to identify financial
linkages. Therefore, interconnected linkages in financial network can be applied to explore and
monitor potential risk contagion channels, thereby characterizing systemic risk and financial stability
[3-7].

Financial activities such as interbank lending and bond repurchases establish direct asset-
liability linkages among institutions, forming a direct interbank network [8-9]. Amount of studies on
interbank networks in different markets have systematically elaborated their structural
characteristics, such as small-world properties, scale-free features, and core-periphery structures, and
their significant impacts on risk diffusion [10-11]. While the interbank lending market compensates
for banks’ temporary liquidity shortages, it also provides a channel for risk accumulation and
contagion. Extensive research has shown that the correlation between network structure and risk
contagion is not linear, with interbank networks exhibiting “robust-yet-fragile” characteristic [12-15].

Beyond direct financial linkages, scholarly attention has also centered on systemic risk
transmission via indirect connections, most notably through common asset holdings across financial
institutions. Scholars have extensively examined the influence of several key factors, including asset
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prices, market sentiment, trading strategies, and regulatory frameworks —on the mechanisms of risk
contagion. Duarte and Eisenbach [16] developed a “vulnerability index” for banks’ asset fire sales to
examine systemic vulnerability arising from contagion spillovers. Huang et al. [17] and Levy-
Carciente et al. [18] analyzed the cascading effects of systemic risk contagion in the U.S. and
Venezuelan banking systems, respectively, using bank-asset network models. Caccioli et al. [19] built
a bipartite bank-asset network to investigate system stability under fire sales of overlapping
portfolios, and Caccioli et al. [20] later extended this by developing a network model incorporating
both interbank transactions and common asset fire sales to empirically assess systemic risks across
these two contagion channels. Greenwood et al. [21] integrated leverage targets into the fire sale
mechanism, quantifying deleveraging-induced risk spillovers among European banks during the
2010-2011 sovereign debt crisis. Additionally, Coen et al. [22] modeled the shock amplification
process by accounting for leverage-constrained banks, risk-weighted capital, and liquidity
regulations. Meanwhile, the quantification of systemic risk in non-banking financial sectors, such as
investment funds, insurance, and currency market, has also gained scholars’ attention through
indirect contagion channels [23-24]. For example, Douglas et al. [25] focused on the impact of
Solvency II regulation on the distressed portfolio adjustments of UK life insurers. Barucca et al. [26]
studied common security holdings across UK banks, focusing on the network structure of
overlapping portfolios. Building on this work, Caccioli et al. [27] extended the analysis to investigate
how overlapping portfolio network structures affect shock propagation using more granular data.

In practice, the disclosure of asset positions by financial institutions is often insufficient. To
overcome this limitation, several methods have been developed to reconstruct networks from
available data. These methods vary in their emphasis on different network features. Some seek to
minimize the exposures of individual links, while others focus on replicating aggregate network
outputs. Techniques such as maximum entropy estimation, minimum density estimation, and
network configuration models have been widely applied [28]. However, the standard maximum
entropy method, which assumes full node connectivity, often conflicts with real-world linkages and
can severely underestimate risk contagion effects. Squartini et al. [29] proposed a constrained entropy
maximization method for bipartite networks, showing it outperforms traditional CAPM and
maximum entropy CAPM in characterizing topological structures and estimating fire sale risks. Di
Gangi et al. [30] used cross-entropy constraint minimization to assess the systemic importance of
banking systems and individual institutions using only bank size and asset investment data. Gandy
and Veraart [31] developed a tunable network reconstruction model via empirical Bayesian methods
to adjust networks to match observed specific expectations. Ramadiah et al. [32] theoretically
reconstructed Japan’s bank-firm credit networks using four methods (CM1, CM2, MinDensity,
MaxEntropy) and compared the differences in systemic risk levels across these approaches.

Chinese commercial banks play a decisive role in China’s financing market, and the loans issued
to the real economy account for over 60% of the social financing scale stock in recent years. Therefore,
it is critical to evaluate banking system vulnerability by considering both direct and indirect
contagion channels. This article contributes to this field by introducing a network stress model to
analyze shock propagation dynamics. Using balance sheet data from Chinese commercial banks
between 2016 and 2022, we employ Exponential Random Graph Models to reconstruct the bipartite
network of banks’ asset allocation. We then analyze the network’s topological characteristics and
measure its similarity to real structures. Subsequently, a novel framework for measuring aggregate
network vulnerability is employed. This framework incorporates factors such as bank size, initial
shocks, connectedness, leverage, and asset fire sales to identify financial contagion effects. Through
simulation, this paper explores the dynamic evolution of risk contagion, as well as the vulnerability
of the banking network system. The aim is to provide technical and methodological support for banks
to enhance their asset allocation capabilities and for financial regulatory authorities to implement
targeted risk management policies.

The paper proceeds as follows. Section 2 outlines the network reconstruction methodology and
presents the vulnerability measurement model. Section 3 describes the data and validates the
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reconstructed network’s similarity to the actual system. Section 4 simulates aggregate network
vulnerabilities across different shock scenarios. Section 5 concludes.

2. Methodology

Based on bank balance sheets, the linkages between commercial banks and their held assets can
be conceptualized as a bipartite networkG(X,Y,E). This network consists of two disjoint, non-empty
vertex sets: a set{X]} representing bank nodes and a set{Y} denoting asset nodes. The set of edges{E}
connects banks to the assets they hold. This structure is represented by a matrix Aof dimensionsN*M,
capturingN banks andM asset types. Each elementA;;within the matrix denotes the value of asset
type jheld by banki. The total value of assets in the network isy.}, Zjl\fl Ajj; the total value of assets
held by a single bank i istl\fl Aj;; and the total value of a specific asset type j held across the entire
network isyi; A; ;.

2.1. Network reconstruction

Using the accessible data on banks’ strength sequence{S;}, assets’ strength sequence{Sj}, and the
total number of bank-asset linksL, we reconstruct the bipartite network of banks’ asset allocation
according to the method outlined by Squartini et al. [29].

(1)First step: Using Exponential Random Graph Models, we generate an ensemble, denoted (),
of randomized bipartite networks. These networks are constrained to obtain the same number of
NxMnodes as the observed system. From this ensemble, a representative networkG, can be extracted
to infer the most probable bank-asset holding relationships. For any potential link between bank iand

Xiy]'

is calculated over the entire ensemble ). We assume that the

assetj, the probabilitypijs<ﬁij)0= v
]

observed strength of each node (the total value of assets for a bank or the total value held for an asset)
serves as a fitness measure. The strength value {S;};cy and {Sj }jeM are modeled as being linearly

proportional to the Lagrange multipliers, xiE\/ZSi,Vi and ij\/Eij,Vj , which are induced by

constraining the expected nodes” degree in the maximum entropy formulation of the ERGMs.
(2)Second step: By equating the ensemble () average of the total number of edges with the actual

total number L of edges ofGy: (L)q=2;X; %=L(Go), where we have already definedz=,/z;z;. Then,

z is the single positive solution of the equation, which can be used to estimate the linking

e ~ 25i5; ..
probabilities pij=<aii)Q=Tsi]sj’v(1’])'

(3)Third step: Given the network topology determined by nontrivial linkage probabilities,
Si

5 i .
weights of links are thus determined as:v’Vij=W—};éi]~=(z'1+SiSj)%, where W is expressed as the total
ij

amount of assets. To sum up, the set of linking probabilities and link strength determine the ensemble
), so that the value of asset holding quantityX inG, could be estimated as its ensemble average(X),.

2.2. Network reconstruction

Following the approach proposed by Huang et al. [17], we measure systemic vulnerability by
the cumulative losses from financial contagion triggered by exogenous shocks to specific asset classes.
Then, we first systematically deconstruct the mechanisms of risk contagion within bank-asset holding
networks (as illustrated in Figure 1) and subsequently construct a corresponding model to simulate
its evolution.
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Figure 1. Schematic diagram of risk contagion mechanisms in bank-asset bipartite network.

Figure 1(a) illustrates the distribution of assets held across banks. Given the overlapping nature
of bank asset portfolios, an exogenous shock to a specific asset class (Figure 1(b)) transmits losses to
all banks holding that asset. If these losses render a bank insolvent (Figure 1(c)), it is forced to engage
in fire sales to meet its obligations. The surge in selling pressure drives down the market price of the
asset. This devaluation forces other banks holding the same asset to mark down its value, eroding
their net worth and potentially triggering further insolvency. This dynamic initiates a negative
feedback loop of fire sales and price declines, propagating contagion throughout the network (Figure
1(d)).

For a bipartite network consisting of N banks andM assets, we set bank i's liabilities asL;,
equity asE;, and total assets asA;= fol Ay =E;i+L;. LetA;jr and K;;rdenote the value of asset held by

banki and the leverage ratios withKi,j,T=]§fj_f at time stepT. Meanwhile, letM\\ydenote the matrix of
ij

portfolio weights, where each element0<M; ;<1 is the market-value-weighted share of asset j in

bank i's portfolio, andZ].M_ =1. We introduce an parameter -q(q€[0,1]) to characterize the negative
1]

impact level from initial shocks, and an coefficient matrix-£(&;€[0,1]) to measure the price impact
from asset sales. Therefore, aggregate vulnerability of the bank-asset allocation network can be
calculated through systemic risk contagion process as follows.

(1)Initial shock. Assuming that any assetj held by banks be subject to an external shock, the net
value of asset after the shock can be expressed asA;;=qA;o, whereq represents the proportion of
residual value of the asset m after the shock. Moreover, the value of the same type of asset decreases
proportionally, expressed asB;;1=qB;; 0=B; ;0 %.

(2)Leverage target. After the initial shock, banks should maintain a fixed leverage target on a
mark-to-market basis in line with the empirical evidence [33]. IfB; >L;, and some banks face higher
leverage ratios due to asset depreciation, they have to sell assets to deleverage. IfB;<L;, banks become
insolvent and undergo liquidation. In terms of banks selling assets to target leverage, each bank asset
can be modified as AilTﬂ=AirT—a(Ai,j,TB?f%) , where A denotes the proportion of asset be sold

i€{Deleverage Set} ). Moreover, we make a simply assumption that banks sell assets in proportion
e T ply p prop

i, T"DEL; .
to their actual holdings, so the parameterA can be expressed asA; ;1= %. By the way, if some

i,j,T
banks become insolvent, they enter bankruptcy liquidation, and all assets are forced to be sold,
therefore bank asset should be expressed asAi,Tﬂ:Ai,T—aBBfo; while, if some banks fail, asset prices
are jointly influenced by both bankruptcy liquidation and asset sales, therefore the bank asset could
be expressed as Ai,T+1=Ai,T'a(Ai,j,TB5?T1+Bg?Tf) , where /\BB?TI and BP]eTf denote asset sales and asset
liquidation respectively.

(3)Fire sales effect. Banks’ asset sales trigger price impact, leading to risk contagion within the
system and thereby affecting the equity of banks’ asset return, which can be modified
angflT‘H:BiO,]-flT‘* %. Meanwhile, asset fire-sales also impacts the value of remaining assets held by

Del 5 AiT

deleveraging banks, which can be expressed asB}?f%ﬂ=(1—)\i,le)Birm,T T;l. In this paper, we let the

price impact ratios be a diagonal matrix on a linear impact assumption, meaning that the price
impact only affect the same asset. Therefore, matrix§ is set to characterize the proportion of assets
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actively sold by banks so as to update the market value of banks’ assets dynamically. According to
the aforementioned risk contagion process, the iteration continues until no further asset sales or
liquidations are triggered.

Overall, aggregate vulnerability of the network can be calculated asAV=(1'I\IA1ME,M'KA1Mq)/EO
through the risk contagion, which does not involve any direct impact and focus only on the spillovers
across banks. For example, if all the assets are liquid perfectly, thenAV=0. Note thatly is thel*N
vector of ones. Therefore, the direct vulnerability of each bank from initial shock can be generated
as DV=IyA;Mq, and the indirect vulnerability on each bank due to risk contagion can be
IV=(1, A{MEM'KA Mq)/E;;.

3. Data and Network

3.1. Data and network index

This study utilizes data from the China Stock Market & Accounting Research (CSMAR) database.
The sample encompasses Chinese commercial banks whose aggregate assets represent the top 95%
of the industry’s total from 2016 to 2022. The final sample includes six large state-owned banks,
twelve national joint-stock commercial banks, and the most significant city and rural commercial
banks (see Appendix A for a complete list). The annual count of banks in the sample is provided in
Table 1. The data processing procedure is as follows: (1) Sample Selection: Commercial banks ranking
in the top 95% by total assets are selected, while policy banks and foreign banks are excluded.
(2) Asset Classification: Based on balance sheet items and bank annual report disclosures, cash and
loan sub-assets are expanded into a detailed classification scheme, resulting in 47 distinct asset
categories (detailed in Appendix B). (3) Data Imputation: For banks with missing granular asset
portfolio data, gaps are filled using publicly available annual report disclosures. Bank nodes with
persistently missing data after this process are excluded from the analysis. (4) Data Scaling: For
computational convenience, all asset portfolio values are normalized at a ratio of 1,000,000,000:1.
Finally, a set of network topology indicators, presented in Table 2, are calculated to characterize the
structure of the reconstructed bank-asset network.

Table 1. Network size (2016-2022).

Year 2016 2017 2018 2019 2020 2021 2022
Numberof g 83 76 77 73 66 71
Banks
Category of 7 47 47 47 47 47 47
Asset
Table 2. Network topology indicators.
Indicator Symbol Description Range
. Number of indirect links as a ratio of the total number
Density D . [0,1]
of edges (excluding self-loops)
Degree k Sum of the actual number of edges [0,2°]
Strength s Sum of the edge weights between nodes in the network [0,]
Degree PR
Distribution P(k) Probability distribution of node degree [0,1]
Strength P(s) Probability distribution of node weight [0,1]
Distribution Y & ’
The degree to which nodes in a graph tend to cluster
. together, which is defined as the number of closed
Clustering . 11
.. C triplets (any three nodes with links between all three) [0,1]
Coefficient . . . . .
over the total number of triplets (including triplets with
one link missing) in indirect network
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Degree . Connectivity tendency between nodes with different [11]
Correlation eigenvalue ’
Extent to which a node lies on the shortest paths
Betweenness . .
) B between pairs of other nodes in a network, to measure [0,1]
Centrality L.
nodes” importance
Herfindahl-

. Herfindahl-Hirschman Index of both banks and assets
Hirschman HHI ) i . [0,1]
Index is defined as the sum of the squared allocation.

3.2. Data and network index

3.2.1. Topology structure

Utilizing available data on bank asset holdings from 2016 to 2022, we construct annual bank-
asset bipartite networks to analyze their macro-level topological structures. Figure 2(a) and Figure
2(b) depict the topology of the actual and reconstructed networks for 2016, while Figure 2(c) and
Figure 2(d) show their counterparts for 2022. In these figures, bank nodes are represented in yellow
and asset nodes in blue. The size of a node is proportional to its degree ranking within its respective
set (banks or assets). The thickness of an edge represents the scale of the corresponding bank’s
holding of that asset.

(a) Actual Network in 2016 (b) Reconstructed Network in 2016

(c)Actual Network in 2022 (d)Reconstructed Network in 2022

Figure 2. Topology of bank-asset actual and reconstructed networks (2016 vs 2022).

As illustrated in Figure 2, all networks exhibit a core-periphery structure. The core nodes
predominantly consist of large state-owned banks and national joint-stock commercial banks, while
city and rural commercial banks are sparsely distributed within the peripheral layer. Besides the
statutory holdings, corporate loans (i.e., targeting manufacturing, transportation, leasing, and
business services) and personal loans (primarily housing and operating loans) constitute a substantial
proportion of bank asset portfolios. A notable trend emerges from the network during these years
undergoes significant sparsification (Figure 2(b) and Figure 2(d)). Concurrently, the asset holdings of
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the six large state-owned banks have increased substantially. This shift reflects a higher concentration
of capital flows and a more prominent top-tier effect, likely mirroring the constraints imposed by
new asset regulations on commercial banks’ holdings of investment-oriented assets. Finally, the
reconstructed networks provide a robust approximation of the actual bank-asset holding
relationships. They accurately capture the pronounced correlation in edge weight distribution and
effectively delineate the core macro-structural characteristics observed in the empirical networks.

3.2.2. Topology analysis

Table 3 provides a quantitative comparison of the structural discrepancies between the actual
and reconstructed networks across the sample years. Using the year 2022 as a representative example,
a detailed analysis of the key topological indices for both the actual and reconstructed networks is
presented below.

Table 3. Comparison of topological index between actual and reconstructed networks (2016-2022).

Year Size k k k, k, D C r
2016  81x47 2850 2227 35.19 60.64 075 073  -0.70
2017 8347 2923 22.48 35.22 62.19 075 073  -0.71
2018 76x47 2642 21.48 34.76 56.21 074 071  -0.66
I\i‘;;;‘;lk 2019 77x47 2593 20.91 33.68 55.17 072 071  -0.63
2020 73x47 2466 20.55 33.78 52.47 072 072  -0.61
2021 66%47 2164 19.15 32.79 46.04 070 071  -0.63
2022 71x47 2373 20.11 33.42 50.49 071 073  -0.67
2016  81x47 2904 22.69 35.85 61.79 076 075  -0.72
2017 83x47 2990 23.00 36.02 63.62 077 075  -074
2018 76x47 2710 22.03 35.66 57.66 076 075  -0.70
Re;;’;:ﬁ;;fd 2019 77x47 2665 21.49 34.61 56.70 074 072 -0.69
2020 73x47 2545 2121 34.86 54.15 074 073  -0.66
2021 66x47 2224 19.68 33.70 47.32 072 073  -0.68
2022 71x47 2426 20.56 34.17 51.62 073 075  -0.72

INote: k denotes the total degree of the network, k denotes the average degree of the network, k,. k, denotes
the average degree of bank nodes and asset nodes, Ddenotes the network density, Cdenotes the cluster

coefficient, r denotes degree correlation of the network.

1. Degree distribution and Strength distribution

As illustrated in Table 3, from 2016 to 2022, the average degree of the actual network ranged
betweenk,€[19.15,22.48], while that of the reconstructed network ranged betweenk,€[19.68,23.00].
The annual average degree error is less than Ik,-k,1<0.7, demonstrating a favorable goodness-of-fit.
As depicted in Fig.3, the degree distribution of bank nodes follows a power-law pattern, while the
degree of asset nodes exhibits a stepwise distribution. The figures show that large banks hold a
dominant position in terms of asset scale, with a prominent cumulative effect in the network tail,
thereby confirming the scale-free characteristics of the network. In terms of both node degree
distribution and strength distribution, the reconstructed network closely approximates the
characteristics of the empirical network. The fit is particularly strong for node strength, indicating
the model’s efficacy in capturing the core properties of the real-world system.
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Figure 3. Comparison of degree and strength distribution in actual and reconstructed networks (2022).

2. Network density, clustering coefficient, and degree correlation

As shown in Table 3, between 2016 and 2022, the density of both actual and reconstructed
networks ranged betweenD; €[0.70,0.75]andD,€[0.72,0.77] respectively. The relatively high network
density indicates that banks maintain broad coverage across asset categories. However, a discernible
trend of decreasing density over time highlights an increasing concentration in the types of assets
held by banks. This sparsification phenomenon may be associated with the tightening of asset
management regulations during this period. Notably, city commercial banks and small-to-medium
sized banks exhibited a more pronounced concentration in their asset holdings compared to larger
institutions. During this period, the network clustering coefficient lies in the interval C€[0.7,0.8],
which is significantly higher than that of a random network of equivalent scale. Furthermore, the
degree correlation for both the actual and reconstructed networks is negative. This disassortative
mixing pattern indicates that bank nodes with a high degree, holding many asset types, are connected
to asset nodes with a low degree, held by few banks, and vice versa. This structural characteristic
suggests a divergence in asset allocation strategies, small and medium-sized banks in China exhibit
a stronger preference for regulatory-compliant assets and mainstream deposit and loan businesses,
whereas large state-owned banks maintain a more diversified asset portfolio.

3. Betweenness centrality, Closeness centrality, and Eigenvector
centrality

Network centrality indicators are crucial for assessing node importance within a system. We
employ three standard centrality measures, betweenness centrality, closeness centrality, and
eigenvector centrality, to analyze the specific features of both the actual and reconstructed networks.
Figure 4 compares the values of these three centrality indicators for the actual and reconstructed
bank-asset networks in 2022. In the figure, bank nodes and asset nodes are represented by red circles
and blue rectangles, respectively. The size of each node is proportional to its centrality value, visually

indicating its relative importance within the network system.

(a) Betweenness centrality (Actual network vs Reconstructed network)
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(c) Eigenvector centrality (Actual network vs Reconstructed network)

Figure 4. Comparison of centrality measures distribution in actual and reconstructed networks (2022).

As shown in Figure 4, the topological distribution of node centrality values in the reconstructed
network exhibits characteristics highly consistent with the actual network, both in terms of value
distribution and node categorization. Regarding betweenness centrality in Figure 4(a), asset nodes
generally possess higher values than bank nodes. The betweenness centrality of most asset nodes
falls within a similar magnitude, whereas only a small fraction of bank nodes exhibit significantly
higher values than their peers. In contrast, for closeness centrality in Figure 4(b), the values for both
asset and bank nodes are of a comparable magnitude, indicating that most nodes are of
approximately equal importance in terms of their network proximity. Concerning eigenvector
centrality in Figure 4(c), most asset nodes exhibit relatively large values, compared with those of bank
nodes. Furthermore, the eigenvector centrality values are nearly uniform across almost all bank
nodes. Overall, a comparison of node centrality between the actual and reconstructed networks
reveals that the latter captures the overall distribution of node centrality with a high degree of
accuracy, with only marginal discrepancies observed in a limited number of individual nodes. This
finding underscores the efficacy of the weight-based link allocation strategy employed in the network
reconstruction methodology.

4.  Asset concentration
Figure 5 displays heatmaps of the Herfindahl-Hirschman Index (HHI) distribution for bank and
asset nodes in both the actual and reconstructed bank-asset allocation networks from 2016 to 2022. In
the heatmaps, node color corresponds to HHI value, where red indicates a value of HHI=1, blue
indicates a value of HHI=0, and a gradient represents the spectrum in between. Isolated nodes, for
which the HHI is undefined, are represented by white space.
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Figure 5. HHI distribution heatmaps of bank asset allocation network (2016-2022).

Figure 5(a) and Figure 5(b) show the Assets’” HHI in actual network and reconstructed network.
While Figure 5(c) and Figure 5(d) display the Banks” HHI in actual and reconstructed network
accordingly. As shown in Figure 5(a) and Figure 5(b), the HHI of asset nodes in the actual and
reconstructed networks ranged betweenHHI ;1 €[0,0.75) and HHI,€[0,1] from 2016 to 2022. In the
actual network, most asset nodes” HHI values exhibit fluctuating around 0.1, indicating a relatively
extensive and diversified distribution of assets across the banking system. In contrast, Figure 5(c) and
Figure 5(d) show that the HHI of bank nodes in the actual and reconstructed networks ranged
betweenHHI,,; €[0,0.30)and HHI,,€[0,0.12). The heatmaps for the actual network reveal significant
heterogeneity in asset concentration among banks. Compared with large state-owned commercial
banks and national joint-stock commercial banks, urban and rural commercial banks tend to exhibit
weaker investment concentration (lower HHI). Overall, the banks” HHI demonstrate a gentle upward
trend from 2016 to 2022, reflecting a gradual increase in asset concentration within individual banks’
portfolios. This trend toward more concentrated asset allocation is consistent with the previously
observed evolutionary characteristics of decreasing network density and varying node degree
distribution.

3.2.3. Similarity measurement

To evaluate the macro-level similarity between the reconstructed and actual networks, we
employ two commonly used measures [28], the Jaccard score (a link-based measure) and the Cosine
similarity (an exposure-based measure), as shown in Table 4. For both metrics, the higher values are,
the greater the similarity between the networks.

Table 4. Similarity measures.

Category Metric Description Range

Inverse of the number of links belonging to
the original and reconstructed networks

Link-based Jaccard score divided by the number of links that belong to (011
at least one network
Exposure-based Cosine Cosine of the angle between the original and [0,1]

measure reconstructed networks

Table 5. Similarity measure value for the network between 2016 and 2022.

Year Jaccard score Cosine measure

2016 0.70 0.90

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0464.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 January 2026 d0i:10.20944/preprints202601.0464.v1

11 of 22

2017 0.70 0.92
2018 0.69 0.95
2019 0.65 0.96
2020 0.66 0.95
2021 0.72 0.96
2022 0.72 0.87

Table 5 shows the result of the similarity measurements between the actual and reconstructed
network. The Jaccard similarity value falls within the interval [0.65,0.72], indicating that the
reconstructed network achieves a high fitness score in replicating the binary linkage structure
between nodes. In terms of strength allocation, the Cosine similarity value lies in the
interval[0.87,0.96], reflecting a high degree of similarity in edge weight distribution between the two
networks. This performance exceeds the fit level achieved by the bank-enterprise credit
reconstruction network proposed by Ramadiah et al. [32].

4. Simulation Study

Based on the reconstructed bank-asset network and the proposed vulnerability measurement
framework, we conduct a simulation analysis to examine how risk contagion propagates and
amplifies systemic vulnerability. The simulation analysis incorporates the following key parameters:
network size, risk exposure, leverage, external shock, asset price impact, and fire-sales effect.
Network size and risk exposure parameters are derived directly from the reconstructed network. The
leverage threshold is set as a fixed value of LEV=4%. A bank is considered insolvent if the
depreciation of its assets causes its capital adequacy ratio to fall below this threshold x=5%. When
the rate of bank insolvencies exceeds a predefined threshold(i.e., the initial bankruptcy rate triggered
by the external shock), it triggers an asset price price impact mechanism. This mechanism simulates
the price decline resulting from forced liquidation and fire sales. The external shock rate is
parameterized asq€[0,1] and the fire-sales price impact coefficient is denoted by £€[0.05,0.1].

4.1. Measuring network aggregate vulnerability

Let the external shock rate be defined by the parameter q, we consider three benchmark values
for it(low, medium, high), and for each, we generate a corresponding set of random initial external
shocks, which are q=15%,q=25% and q=35% respectively. Following the aggregate vulnerability
equation, we compute the aggregate vulnerability AV=1yA;MEM'BA;Mq/E, under each shock
scenario. This metric quantifies the cumulative losses from risk contagion caused by bank
deleveraging and asset fire sales, expressed as the percentage of total banking sector equity that
would be eroded. Holding all other parameters at their default values, we conduct the simulation
analysis to measure network vulnerability for each year from 2016 to 2022 as follows.
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Figure 6. Network vulnerability under different external shock from 2016 to 2020.

Figure 6 depicts the vulnerability of bank-asset network under different initial external shock
scenarios from 2016 to 2022. Overall, the trajectory of network vulnerability is consistent across this
period, with the magnitude of equity erosion generally decreasing over time. Under the three shock
scenarios, the aggregate network maintained a relatively constant loss level from 2020 to 2022,
showing no sharp increases or decreases despite variations in shock intensity. In contrast, the
aggregate losses were significantly higher between 2016 and 2019 than that in the subsequent three-
year period. The network aggregate vulnerability AV*E0=1'NA1MEM'BA1Mq= i Ynbn angrnocan be
formally expressed by the equation AV=li\IA1M£M'BA1Mq/E0 , where Y= Y1 (X amMumk )k My
measures the connection among banks. According to this formulation, systemic risk increases with
larger values of network structurea,, leverageb,, and risk exposurer,. This implies that systemic
vulnerability is amplified when large, highly leveraged banks are exposed to a shock, triggering
substantial asset sales. Furthermore, if these exposed banks hold illiquid assets, the resulting large
price impact can render the entire network system more vulnerable.

4.2. Contribution from each bank to network vulnerability

Building upon the analysis of aggregate network vulnerability, which quantifies the cumulative
losses arising from bank inter-dependencies and dynamic behaviors during risk contagion under
external shocks, we can decompose this systemic measure into individual bank contributions. This
aggregate vulnerability can be viewed as the sum of contributions from individual nodes, transmitted
through fire sale spillover effects across the banking system. Therefore, we can calculate the
vulnerability contribution of each bank, which serves as an indicator of its systemic importance
within the network. The systemic impact of an individual banki on the banking network can be
quantified by calculating the marginal contributionSIi=1'NA1MéM‘BAl616{Mq/Ei, whered; is a shock
vector consisting of all zeros except for the i-th element, which is set to 1. This represents the
hypothetical aggregate vulnerability triggered by an initial shock exclusively to bank i. Consistent
with  the  formulation  of  aggregate  vulnerability AV the  individual
contribution SIi=1'NA1M£M'BA16i6{Mq/Ei can be  similarly transformed into a
functionSIi=y;(aj; /E; )b,rjywith the key network parameters. Building on this measure of individual
bank loss contributionSl;, we conduct a simulation analysis from 2016 to 2022 to examine the
correlations between the following three key metrics: a bank’s systemic importanceSI;, a bank’s
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individual systemic vulnerability DV, and the overall network aggregate vulnerability AV. This
analysis characterizes how the behavioral states and financial conditions of individual network
entities influence the propagation of risk contagion and the amplification of cumulative losses.

As shown in Figure 7, no direct linear relationship exists between systemically important banks
and systemically vulnerable banks. This indicates that large, top-tier banks do not necessarily play
the most critical role in risk propagation; conversely, smaller banks can also be exposed to significant
indirect risks through contagion channels, even without experiencing direct shocks. Figure 7(a)
demonstrates that under a low-magnitude external shock, banks with dense interconnections can
rapidly transmit risks throughout the system. Figure 7(b) reveals that although the overall level of
risk spillover from systemically vulnerable banks has decreased, their marginal risk contribution
remains more significant than that observed in the dimension of systemic importance. This suggests
that well-connected, vulnerable banks play a disproportionately large role in amplifying risk
contagion processes.

Network Vulnerability Measurement Network Vulnerability Measurement
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Figure 7. Network vulnerability measurement under different external shock(2016 vs 2022).
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Figure 8. Banks’ aggregate risk under different external shock(2016 vs 2022).

Figure 8 shows the distribution of individual banks’ contributions to aggregate network
vulnerability in 2016 and 2022. The figure reveals that most banks contribute at a low level to systemic
vulnerability under cumulative risk contagion, while only a small subset exhibited high risk exposure.
The significant heterogeneity among bank nodes and the scale-free structure of the network highlight
that identifying these systemically important nodes be crucial for effective systemic risk prevention.
From the perspective of individual node risk, the difference in risk contribution from systemically
important banks between 2016 and 2022 is not pronounced. However, the analysis confirms that
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larger initial shocks lead to more significant risk accumulation effects propagated by these
systemically important banks. In the network visualization, node color indicates risk spillover
intensity: yellow nodes represent the highest level of risk spillover, followed by nodes of other colors.
This depiction reflects not only the differential risk losses arising from variations in initial shocks but
also validates the heterogeneity in node sizes and the core-periphery topological structure of the
banking network. This structural pattern is consistent with the long-term configuration of China’s
banking sector, which is dominated by six large state-owned banks and features a multi-polar
distribution of twelve national joint-stock commercial banks. Furthermore, compared to the measure
of systemic importance, the systemic vulnerability of bank nodes demonstrates a wider and more
stratified hierarchical distribution, indicating a more complex pattern of risk exposure across the
system.

4.3. Network topology structure on network vulnerability

As indicated in aggregate vulnerability measurement AV*E0=1'I\IA1M£M'BA1Mq= Yo nbn anotno,
network structure serves as a critical indicator of banks’ asset allocation, emerging as a pivotal
determinant governing the cumulative losses incurred within networked systems. Building on the
preceding analysis, We select four network topological indicators, HHI of banks’ asset concentration,
betweenness centrality, closeness centrality, and eigenvector centrality, to examine their intrinsic
relationships with two key dependent variables, which are banks’ indirect vulnerability from risk
contagion (IV), and contribution to aggregate systemic vulnerability(SV).
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Figure 9. Network topology on aggregate vulnerability(2016 vs 2022).
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Figure 9(a) and Figure 9(b) show the correlations between network topology metrics and node
vulnerability indicators for 2016 and 2022, respectively. The figures indicate that, in both years, no
significant linear relationship exists between the four network topological indicators and the
vulnerability of individual nodes. The contributions of bank nodes to the cumulative systemic
vulnerability varied substantially, with a subset of nodes exhibiting disproportionately high risk
contribution. In contrast, the distribution of losses across banks affected by risk contagion
demonstrated a relatively low dispersion under identical shock conditions. At the network level, as
the concentration of bank asset investments increases (i.e., distribution tightened), aggregate systemic
vulnerability exhibits a slight downward trend. This finding is consistent with the previously
observed sparsification of network density and node degree, suggesting that reduced connectivity
within the bank-asset network decreases the number of available risk transmission paths, thereby
weakening risk spillover and diffusion effects. This is further corroborated by the significant decline
in the risk spillover contribution from systemically vulnerable banks. Regarding centrality metrics,
the centrality of bank nodes demonstrates greater efficacy in identifying systemically vulnerable
banks, a role that is often modulated by the magnitude of external shocks. As node centrality
increases, bothSV and IV tend to exhibit extreme values, enabling the effective identification of key
nodes that contribute significantly to systemic risk. This underscores the advantage of centrality
measures in characterizing both the systemic importance and vulnerability of banks within the
network.

4.4. Impact of risk contagion on individual banks

Based on the network vulnerability measurement model and its analysis framework, we define
two vulnerability indicators for individual bank nodes, named direct vulnerabilityDVand indirect
vulnerabilitylV, to quantify their risk exposure from contagion triggered by exogenous initial shocks.
The indirect vulnerability metricIV specifically quantifies the risk exposure arising from the
combined effect of network-wide deleveraging and the topological connections between nodes. It is
a distinct concept from both direct vulnerability and a node’s systemic importance. Thus, using 2016
and 2022 as representative examples, we calculate and rank the risk vulnerability of all bank nodes
for each year. This ranking aims to depict the characteristics of the risk distribution and identify the
nodes most susceptible to contagion effects.
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Figure 10. Impact of risk contagion on individual banks(2016 vs 2022).
Table 6. Top 10 banks in the Ranking of nodes’ contribution and vulnerability(2016 vs 2022).
Ranking of Ranking of Ranking of Ranking of
Year Bank SV Bank v Year Bank SV Bank v
ABC 6759.25 PSBC 106722.6 PSBC 1536.424 WHRCB 32305.64
PSBC 4992.9 DRCB  65951.36 ABC 1457.434 PSBC 29333.99
ICBC  4253.748 GRCB 63469.6 ICBC 1330509 SDRCB 28132.12
CCB 3986.976 ABC 60310.09 BOC 1185.45 SRCB 21789.19
BOC 3876.179 NRCB  48963.01 CCB 1000414 ZJTCB 21695.56
2016 oMB 1003.02  CQRC 4774272 2922 cMB 285396 CDRCB  21173.36
BCM  979.4315 SDRCB 47726.79 BCM  264.6488 NRCB 18770.98
CMBC 617.5012 BHB 47678.8 CMBC 144.7064 CSRCB 17858.08
CCIB  456.0433 FDB 46448.13 CCIB  120.0027 BRCB 16145.62
SPDB  450.7068 DGB 46423.7 SPDB  117.7803 FDB 14782.59

2 Note: The quantity unit of the numbers in the Column “Ranking of SV” and “Ranking of IV” are RMB yuan on
the condition that asset portfolio values are normalized at the ratio of 1,000,000,000:1.

Figure 10 presents the ranking distributions of direct risk losses, indirect risk vulnerability, and
network system vulnerability contribution from bank nodes in the bank-asset allocation network for
2016 and 2022, under a low external shock scenario. Additionally, the top 10 nodes ranked by indirect
risk vulnerability and systemic vulnerability contribution are detailed in Table 6. As shown in Fig.10,
the distributions of both indirect risk vulnerability and systemic vulnerability contribution exhibit a
typical heavy-tailed pattern in both years, indicating that a small number of banks account for a
disproportionately large share of the systemic risk. The composition of the top 10 banks by systemic
vulnerability contribution, listed in Table6, remains consistent between 2016 and 2022, with only
minor variations in their ordinal rankings. These banks are exclusively state-owned banks and
leading national joint-stock commercial banks. This consistency underscores the prominent systemic
importance of China’s large state-owned commercial banks. Their significant contribution to systemic
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vulnerability stems from their substantial asset scale, high degree of interconnectedness, and the
diversity of their asset allocations.

Conversely, the composition of the top 10 banks ranked by indirect vulnerability exhibits
significant turnover between 2016 and 2022. With the exception of the Postal Savings Bank of China,
the lists for the two years show almost no overlap. These top ranked vulnerable banks are
predominantly rural commercial banks and small-medium-sized urban commercial banks. This
finding indicates that the correlation stemming from holding common asset portfolios is a primary
driver of risk vulnerability at the node level. Furthermore, the role of highly central nodes in
amplifying cumulative systemic vulnerability through risk contagion is particularly significant.
These results imply that the optimal design of banking regulatory strategies must incorporate a dual
focus: the traditional “too big to fail” principle and a “too connected to fail” principle, which accounts
for the critical role of interconnectedness and common asset exposures in propagating systemic risk.

5. Conclusions

The multifaceted interactions between financial institutions can be considered as a complex
network. Given the multi-channel nature of risk contagion within the bank-asset system, this study
employs network theory to identify these financial linkages and characterize systemic risk and
financial stability. Using balance sheet data from Chinese commercial banks from 2016 to 2022, we
apply Exponential Random Graph Models to reconstruct the bipartite network of bank-asset holdings,
replicating the topology of the empirical banking system. We then propose a novel framework to
measure network aggregate vulnerability, incorporating factors such as bank size, initial shocks,
interconnectedness, leverage, and asset fire sales to model financial contagion. Within this framework,
we define a suite of network-based vulnerability metrics: network aggregate vulnerability AV
(system-wide cumulative loss due to risk contagion), direct vulnerabilityDV (a bank’s immediate
losses from an initial shock), indirect vulnerabilityIV (a bank’s losses propagated through network
contagion), systemic contribution SV (a bank’s contribution to aggregate vulnerability). We
subsequently conduct a simulation analysis to examine the dynamics of bank-asset network
vulnerability under varying levels of external shocks. The key findings from the simulation analysis
are as follows:

(1)Utilizing balance sheet data from Chinese commercial banks from 2016 to 2022, we construct
a bank-asset allocation network that exhibits distinct scale-free properties and a high clustering
coefficient. Unlike the sparsity typical of most real-world financial networks, the reconstructed
network demonstrates greater density and a disassortative mixing pattern. Banks within this network
maintain holdings of statutory assets while also displaying a broad tendency to invest in credit and
financial investment assets. The nodes representing large state-owned and joint-stock commercial
banks exhibit higher degrees, reflecting their typical diversity in asset allocation. The dense
interconnections between assets provide potential channels for risk contagion. Furthermore, the
disassortative nature of the network, where highly connected banks hold less popular assets, means
that shocks to these low-degree assets can be amplified through their connections to major banks,
thereby increasing systemic vulnerability.

(2)The commercial bank asset allocation network, reconstructed by Exponential Random Graph
Models, effectively replicates the macro-level topological structure of the real-world bipartite bank-
asset network. The model demonstrates a particularly strong goodness-of-fit in replicating the
distribution of edge weights. Quantitative similarity measurements confirm this result. The Jaccard
index for network edge reconstruction ranges between [0.65,0.72], indicating a high degree of
accuracy in replicating the binary linkage structure between nodes. Furthermore, the Cosine
similarity, an exposure-based measure for link weights, ranges between[0.87,0.96], reflecting a high
fidelity in replicating the edge weight distribution between the actual and reconstructed networks
from 2016 to 2022. At the micro-level, the theoretically reconstructed network model accurately
replicates key topological metrics, including network density, node degree distribution, clustering
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coefficient, and degree-degree correlation, confirming its robustness in capturing the detailed
structural characteristics of the empirical system.

(3)Simulation analysis reveals that varying levels of initial external shocks exert distinct effects
on risk contagion and systemic vulnerability within the bank-asset network. From 2016 to 2022, the
aggregate vulnerability of the network exhibited a general declining trend. Annually, the cumulative
aggregate vulnerability increases non-linearly with the magnitude of the initial negative shock and
the discount rate applied during asset fire sales. The indirect vulnerability for individual banks,
resulting from contagion triggered by deleveraging and fire sales, is substantially higher than the
direct losses caused by the initial shocks themselves. The contribution to cumulative systemic
vulnerability is predominantly concentrated in large state-owned banks and national joint-stock
commercial banks due to their substantial asset sizes. In contrast, the institutions most severely
affected by the resulting risk shocks are predominantly small-medium-sized rural and urban
commercial banks.

Data Availability Statement: The data presented in this study are available on request from the corresponding

author.
Appendix A
Appendix A.1
Table Al. Bank Nodes.
Bank Abbreviation Bank Name Category
ICBC Industrial and Co.mmeraal State-Owned Large Commercial Bank
Bank of China
CCB China Construction Bank State-Owned Large Commercial Bank
ABC Agricultural Bank of China State-Owned Large Commercial Bank
BOC Bank of China State-Owned Large Commercial Bank
PSBC Postal Savings Bank of China State-Owned Large Commercial Bank
BCM Bank of Communications State-Owned Large Commercial Bank
CMB China Merchants Bank National Joint-Stock Commercial Bank
SPDB Shanghai Pud];);ringevelopment National Joint-Stock Commercial Bank
CIB China's Industrial Bank National Joint-Stock Commercial Bank
CCIB China CITIC Bank National Joint-Stock Commercial Bank
CMBC China Minsheng Bank National Joint-Stock Commercial Bank
CEB China Everbright Bank National Joint-Stock Commercial Bank
PAB Ping An Bank National Joint-Stock Commercial Bank
HXB Huaxia Bank National Joint-Stock Commercial Bank
CGB China Guangfa Bank National Joint-Stock Commercial Bank
CZB China Zheshang Bank National Joint-Stock Commercial Bank
CBHB China Bohai Bank National Joint-Stock Commercial Bank
EGB Evergrowing Bank National Joint-Stock Commercial Bank
BOB Bank of Beijing City Commercial Bank
SHB Bank of Shanghai City Commercial Bank
JSB Bank of Jiangsu City Commercial Bank
NBCB Bank of Ningbo City Commercial Bank
NJB Bank of Nanjing City Commercial Bank
SJB Shengjing Bank City Commercial Bank
HZCB Bank of Hangzhou City Commercial Bank
HSB Huishang Bank City Commercial Bank
XIB Xiamen International Bank City Commercial Bank
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TCCB
JZB
HRB
ZYB
BSB
BCS
BCD
GCB
GYB
BCQ
JXCB
Z7ZB
QDB
HKB
JLB
DLB
DGB
HXBC
BHB
SZB
GLB
LZB
GSB
LJB
QLB
GZB
JJB
KLB
GHB
CAB
FDB
XAB
HBC
HNB
BGB
WZB
XMB
LYB

CZCB
CQTGB
CRB

LFB
STB

WHCCB

JINB
GZB
RZB
FHB

CSRCB
TZB

Tianjin City Commercial Bank
Bank of Jinzhou
Harbin Bank
Bank of Zhongyuan
Baoshang Bank
Bank of Changsha
Bank of Chengdu
Bank of Guangzhou
Bank of Guiyang
Bank of Chonggqing
Bank of Jiangxi
Bank of Zhengzhou
Bank of Qingdao
Bank of Hankou
Bank of Jilin
Bank of Dalian
Bank of Dongguan
Huarong Xiangjiang Bank
Bank of Hebei
Bank of Suzhou
Bank of Guilin
Bank of Lanzhou
Gansu Bank
Longjiang Bank
Qilu Bank
Guizhou Bank
Jiujiang Bank
Kunlun Bank
Guangdong Huaxing Bank
Chang’an Bank
Fudian Bank
Xi’an Bank
Hubei Bank
Hunan Bank
Guangxi Beibu Gulf Bank
Wenzhou Bank
Xiamen Bank
Luoyang Bank
Zhejiang Chouzhou
Commercial Bank

Chongging Three Gorges Bank

China Resources Bank of
Zhuhai
Langfang Bank
Sichuan Tianfu Bank

Weihai City Commercial Bank

Jinshang Bank
Ganzhou Bank
Rizhao Bank
Fujian Haixia Bank
Changshu Rural Commercial
Bank
Taizhou Bank

City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank

City Commercial Bank
City Commercial Bank
City Commercial Bank

City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank
City Commercial Bank

City Commercial Bank

City Commercial Bank
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BOTS Bank of Tangshan City Commercial Bank

BYK Yingkou Bank City Commercial Bank

UCCB Urumgi City Commercial Bank City Commercial Bank

ZJTCB Zhejiang Tailong Commercial City Commercial Bank
Bank

CQRCB Chongging Rural Commercial Rural Commercial Bank
Bank

SRCB Shanghai Rural Commercial Rural Commercial Bank
Bank

BRCB Beijing Rural Commercial Bank Rural Commercial Bank

GRCB Guangzhou Rural Commercial Rural Commercial Bank
Bank

DRCB Pongguan Rural Commercial Rural Commercial Bank
Bank

CDRCB Chengdu Rural Commercial Rural Commercial Bank
Bank

JNRCB Jiangnan Rural Commercial Rural Commercial Bank
Bank

QNCB Qingdao Rural Commercial Rural Commercial Bank
Bank

SDRCB Shunde Rural Commercial Bank Rural Commercial Bank

QRCB Qingdao Rural Commercial Rural Commercial Bank
Bank

TRCB Tianjin Rural Commercial Bank Rural Commercial Bank

WHRCB Wuhan Rural Commercial Bank Rural Commercial Bank

URCB United Rural Cooperative Bank Rural Commercial Bank

Of Hangzhou

NRCB Nanhai Rural Commercial Bank Rural Commercial Bank

XSRCB Xiaoshan Rural Commercial Rural Commercial Bank
Bank

ZJRCB Zijin Rural Commercial Bank Rural Commercial Bank
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