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Abstract: Against the backdrop of the global clean energy transition, polysilicon —as the
core feedstock for photovoltaics —occupies a critical nexus in energy security and tech-
nological sovereignty. To overcome limitations of unidimensional edge weight specifi-
cations in extant network models, this study integrates trade data and GDELT geopolit-
ical event data from 2004-2023, constructing a "comprehensive trade distance" weighted
network model fusing trade intensity, export competition strength, and geopolitical re-
lationships. This framework systematically quantifies multidimensional impedance to
trade pathways and simulates node resilience evolution under alternative disruption
scenarios. The findings indicate that global polysilicon trade exhibits three-phase char-
acteristics —steady growth, rapid expansion, and oscillatory decline —while the network
structure demonstrates "breadth extension, depth concentration" evolution. Crucially,
node resilience is fundamentally determined by the "evolutionary corridor" formed by
the network topology, while geopolitical linkages act as differential modulators. Geopo-
litical risk does not function as a uniform external pressure but as a node-specific filter
that exerts asymmetric correction and perturbation on individual resilience trajectories
through bilateral linkages. Supply concentration and geopolitical risk jointly shape the
vulnerability distributions among core importers. This study furnishes scientific foun-
dations for supply chain risk quantification and resilience governance in strategic raw
material supply chains.

Keywords: Polysilicon Trade; Weighted Directed Complex Network; Geopolitical Rela-
tionship Index; Comprehensive Trade Distance; Node Resilience

1. Introduction

Amidst converging consensus that photovoltaic (PV) deployment constitutes a core pathway
toward carbon neutrality [1], polysilicon —as an irreplaceable feedstock —occupies a critical nexus
where supply security directly implicates national energy transition and technological sovereignty
[2]. The strategic significance of polysilicon manifests in both industrial scale —China's PV instal-
lations surged 148.12% year-on-year in 2023 —and production technology, where cold hydrogena-
tion processes achieve 90% energy reduction, determining sustainable development capacity. In-
tensifying great-power competition has rendered international trade susceptible to geopolitical
influences, with "friend-shoring" trends becoming pronounced [3]. The interplay between geo-
graphic concentration and geopolitical barriers amplifies supply chain complexity and disruption
risks [4]. Although extant research has illuminated physical trade flows and topological vulnera-
bility [5], measurement approaches remain predominantly confined to unidimensional trade vol-
ume metrics, failing to embed export competition and geopolitical affinity within network
weights —thereby proving insufficient for reflecting compound resistance under "friend-shoring"

trends. To surmount this, constructing multidimensional weighted trade networks integrating
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trade scale, competition intensity, and geopolitical affinity is necessitated to accurately capture
supply chain flow resistance and identify critical hubs.

Extant research indicates that the Global Polysilicon Trade Network (GPSTN) has exhibited
increasingly complex evolutionary characteristics since 2000 [6]. Contemporary studies predomi-
nantly employ complex network theory and UN Comtrade statistics to dissect topological struc-
ture and critical nodes [7]. Analysis of the Polysilicon Trade Dependency Network (PSTDN) has
revealed trade community delineations during 1995-2019 [2]. Notably, the polysilicon supply
chain is deeply embedded within geopolitical configurations, with institutional factors including
trade policy constituting imminent threats. For instance, geographic concentration renders link-
ages like China-Vietnam and Southeast Asia-North America susceptible to disruption from geo-
political friction [5]. Such risks underscore the imperative of incorporating geopolitical dimensions
into trade network weights. Accordingly, scholars have constructed multidimensional analytical
frameworks for supply risk, quantifying national vulnerability under disruption scenarios [8].

Broader scholarship has achieved progress in quantifying geopolitical dimensions using the
GDELT database, which monitors global news across 100 languages to identify critical events and
entities [9]. Methodologically, studies have integrated GDELT big data with complex network
techniques to enhance precision. Sada et al. [10] constructed Asian political distance networks,
revealing diplomatic centrality through international cooperation analysis. Yao et al. [11] em-
ployed GDELT data to analyze COVID-19 assistance events, demonstrating the implications of
international aid for global crises. Guo et al. [12] developed cross-border cooperation networks to
examine interactions amid geopolitical tensions, while Liu et al. (2023) focused on risk perception
analysis, emphasizing GDELT's source breadth and temporal granularity. Regarding indicator
construction, Mo et al. [13] validated GDELT's capacity for capturing shifts in international rela-
tions, and Wang et al. [14] found that geopolitical threats impede green technology development,
while also affecting energy transition trajectories through channels like trade openness.

These studies demonstrate that geopolitical factors can be embedded within networks
through event data. However, characterizations of geopolitical dimensions have often relied upon
qualitative or simplistic quantitative methods, exhibiting limited capacity for effective translation
into network analysis weights. Regarding resilience, the concept denotes the capacity of systems
to restore functions following stress [15]. Definitions vary across disciplines, encompassing eco-
logical, engineering, adaptive, and economic resilience [16-21]. In trade network research, resili-
ence manifests as the capacity to reconfigure structure and adapt to new equilibria under pertur-
bation [22]. Essentially, resilience reflects the survival logic of systems within multidimensional
dynamic processes [23].

In complex network research, indicators like betweenness and PageRank centrality measure
node importance[24-27]. Dynamic resilience denotes the capacity to maintain performance
through structural adjustments [28]. Recent scholarship has identified core countries as determi-
native for network resilience in crude oil, grain, and energy trade [29-31]. Yu et al.[32] noted that
elevated trade concentration renders iron ore networks susceptible to shocks, advocating for sup-
ply chain diversification. Shen et al. [33] found that bottleneck nodes exhibit particular vulnerabil-
ity during emergencies. Crucially, Lan and Shao [34] integrated "geopolitical collaboration capac-
ity" into comprehensive assessments of supply chain resilience. Furthermore, Wu et al. [35] found
that PV networks exhibit stronger upward dynamic trends than traditional energy, while Wang
and Chen [36] pointed out varying shock resistance across wind power industrial chains. Addi-
tionally, Wei et al.[37] validated functional recovery under dynamic shocks through an extreme
event simulation model for oil trade networks. Nevertheless, these studies uniformly omit geopo-
litical factors from in-depth resilience analysis, constituting a significant lacuna.

Trade network weighting constitutes a core procedure for revealing dependency relation-
ships. Zhao et al. [38] and Zhang et al. [39] employed trade values as direct weights for wind
turbines and gallium, establishing a mature paradigm centered on trade volume [40-43]. However,
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resource supply chains are profoundly shaped by macro-environmental policies and co-produc-
tion mechanisms. Shao et al. [44] demonstrate that under co-production regimes, market interde-
pendencies and carbon constraints exert determinative influences on gallium supply. Such mech-
anisms indicate that unidimensional weighting is insufficient for capturing the multiple attributes
of trade pathways, necessitating edge weight construction integrating economic and political in-
dicators.

In summary, to address the failure of unidimensional trade network analyses in capturing
geopolitical risks, this study makes two theoretical contributions. First, we construct a geopolitical
relationship quantification model that enhances indicator differentiation via subjective-objective
weighting, robust statistics, and power transformations. Second, we propose a "comprehensive
trade distance” framework integrating economic, geopolitical, and competitive dynamics to reflect
authentic dependency structures. Applying this to the global polysilicon trade network, we reveal
evolutionary mechanisms of trade patterns and assess both node resilience and network vulnera-
bility through multi-scenario simulations.

The remainder of this paper is organized as follows: Section 2 presents data and model con-

struction; Section 3 analyzes simulation results; Section 4 concludes.

2. Data Sources and Research methodology
2.1. Data source and Research Framework
2.1.1. Trade data source

This study examines polysilicon (HS 280461, silicon purity > 99.99%) as the research object
[38], drawing upon UN Comtrade data to obtain trade records for 210 countries and territories
from 2004-2023, encompassing approximately 11,000 import and 9,000 export observations. To
ensure data consistency and analytical reliability, we employ import data as primary and export
data as supplementary for imputation, incorporating Hong Kong and Macau into China statistics.
Concurrently, to exclude disturbances from prices and exchange rates, physical trade volume
serves as the core indicator. For missing trade volume observations, we apply stratified mean im-
putation: after grouping by HS code and year, missing values for top-ten importers within each
group are filled using non-missing means from their respective top-ten peers; remaining missing
values are replaced by arithmetic means of all non-missing records within the group, thereby pre-
serving data structure consistency and representativeness.

2.1.2. Geopolitical data source

Geopolitical data for this study are sourced from the GDELT event database, which relies
upon real-time monitoring of global news media to extract structured event information with 15-
minute updates[45]. GDELT employs the Goldstein scale to quantify each event, with scores rang-
ing from -10 to 10: positive values denote cooperative impacts, negative values indicate conflictual
impacts, and absolute magnitudes represent event intensity [46, 47]. From approximately 730 mil-
lion raw records, we filter approximately 140 million valid observations of interstate news events,
furnishing a high-quality structured foundation for constructing geopolitical distance indicators.

2.1.3. Research Framework

This study integrates UN Comtrade and GDELT databases to generate trade volume metrics
and quantified geopolitical relationship indicators, respectively. Through CRITIC-expert hybrid
weighting, we fuse three dimensions —trade intensity, export competition, and geopolitical dis-
tance—to construct a dual-weighted global polysilicon weighted directed complex network
model. Subsequently, we analyze efficiency, centrality, and multi-scenario shock resistance across
three dimensions: trade patterns, node influence, and resilience. This yields policy implications
for strategic supply chain risk identification and geopolitical governance resilience enhancement,

as illustrated in Fig. 1.
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Research Framework

Analysis of Global Paolysilicon Trade Patterns, Node Influence, and Node Resilience
DATA INPUTS

Trade Flow Data Geopolitical Data

Source: UN Comirade Database (2004-2023)
Scope: 210 Countries / Regions
Processing. Stralified mean impulation

Source: GDELT Event Database (2004-2023)
Scope: 140 million news evenls

Processing. Goldsiein Scale quantification

Output: Baseline Trade Volume (W7) Qutput: Geopolitical Interactions

MODEL CONSTRUCTION

Comprehensive Trade Distance Components

Trade Intensity Distance Export Competition Distance Geopolitical DI.S!'x}!'lCE'

Hybrid Weighting: CRITIC (Obj.) + Expert (Subj.) — W?

Dual-Weighted Complex Network Model

G=(T.V AW
MULTIDIMENSIONAL ANALY SIS
1. Trade Patterns 2. Node Influence 3. Node Resilience
Metrics: Metrics: Simulation Scenarios:

= Global Efficiency

= Clustering Coefficient
- Assortativity

= Degree Distribution

Degree / Strength = Random Intermuplion
Betweenness Centrality = OQut-strength Priority

PageRank Centrality - Belweenness Priority
Disruptiveness (Efficiency Loss) = PageRank Priority
FEATURE:Breadih Extension INNOVATION: Geopolitical fime

FEATURE:Functional Stratificati
& Depth Concentration TREOnRTREmeR intervalmapping

RESEARCH OUTCOMES & IMPLICATIONS

Risk Identification in Strategic Supply Chains Supply Chain Resili &

political Mitigation

Fig. 1. Research framework flowchart.

2.2. Graph theory model construction and evaluation indicators
2.2.1. Model construction

This study conceptualizes countries or territories participating in polysilicon trade as nodes
and their trade relationships as edges, constructing a complex network model for polysilicon trade
characterized by a dual-weight structure with trade volume and comprehensive trade distance as
edge weights. This network can be formalized as:

G=(T,V,AW,W?) (1)
where T in Eq.(1) denotes the study year; G represents the global polysilicon trade net-
work in year T; V is the node set comprising all countries or territories participating in polysili-
con trade during that year; adjacency matrix A indicates whether trade relationships exist be-
tween node pairs; W1 is the trade volume weight matrix reflecting actual trade scale; and W?2 is
the comprehensive trade distance weight matrix, whose construction constitutes a core contribu-
tion of this study. By integrating three dimensions —trade intensity, export competition strength,
and geopolitical relationships— W? systematically characterizes flow resistance and stability
within trade networks, effectively substituting traditional physical distance-based weighting sys-
tems and furnishing a more realistic theoretical and computational framework for strategic raw
material trade network analysis.
2.2.2. Comprehensive trade distance model combining subjective and objective weighting
Based on the framework outlined above, this section elaborates on the construction method

of the comprehensive trade distance weight. To overcome the limitations of single indicators or

subjective weighting, this study adopts a strategy combining subjective and objective weighting
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to scientifically integrate and assign weights to three dimensions: trade proximity, export compe-
tition intensity, and geopolitical relations.

(1) Trade Intensity Distance

We introduce trade intensity distance T}, transforming raw trade flows into economically
meaningful distance metrics [41]. Through logarithmic compression and inverse mapping, we
achieve conversion from high trade volume to low distance, with the specific formulation:

T = 1+ InMax(w};) — In(w},) (2)

Where in Eq.(2) T} denotes trade intensity distance between nodes V; and Vj; Max(wilj)
represents the maximum edge trade volume in the network; and wj; indicates trade volume be-
tween nodes V; and V.

(2) Export Competition Intensity Distance

Export competition intensity distance TL%- measures potential competitive relationships and
implicit risks between countries or territories in polysilicon export markets. Building upon extant

research [48], we define export competition intensity C;; as:
out ., out out_. out
L/ Vg P s (3)
19) leg=1 W]gu Wé)ut_‘_quut
_out [o]

where in Eq.(3) w, w

ysilicon outstrength, respectively; N represents total network node count. Higher C;; values in-

U and wp" denote out-strength of nodes V;,V;, and global pol-

dicate closer export scale proximity and intensified competition. To address nodes with zero ex-
port values, we apply Laplace smoothing by replacing zeros with the minimum positive value of
1, ensuring computational stability. Competition intensity is subsequently transformed into com-
petition distance through logarithmic transformation (see Eq. (4) ):
T3 = 1+ In(C;;) — InMin(C;;) 4)

This transformation reinforces the intuitive interpretation that greater competition intensity
corresponds to increased distance, accentuating competitive differentials across node pairs

(3) Geopolitical Relationship Distance

Geopolitical relationship distance 77 quantifies political relationship proximity between
nodes, with higher values indicating tighter relationships and correspondingly shorter distances.
This indicator draws upon the GDELT database, measuring bilateral news event counts and Gold-
stein interaction intensities [49], with the computational procedure illustrated in Fig. 2. The meth-
odology comprises: first, calculating annual geopolitical relationship indices (thj)t between
nodes; second, computing mean R;; and median R;; across the study period, with their arith-
metio average serving as the base relationship score R;j; third, applying power transformation to
optimize distributional properties and enhance differentiation —given low density in the first and
ninety-ninth percentiles, winsorization at these thresholds mitigates extreme value effects; fourth,
imputing missing values using mean substitution; and finally, deriving geopolitical relationship
distance T;} through logarithmic transformation
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Step Purpose Formula
o _ Xl GSy
(D Calculate the prior mean of geopolitical Calculate Prior Mean G5 = %
relationship indices between nodes in each  Smooth extreme values (GSfor Goldstein Scale, n for news count) (5
year (R;;), of small samples (”y), = % ke, = 5)
1+ i
e e R — |
@) Calculate the mean of relationship Serve as a basic statistic Ry = EXCGIIN (6)

indices between nodes R;;

®) Calculate the median of relationship
indices between nodes R;;

to reflect the whole

Provide a robust central
tendency measure
against extreme values

n

Ry = 3 (R, (R (R1),) (7))

i . . ! _
(@) Take the arithmetic average of the two Integrate basic _ Ry + ﬁu (8):
results from steps @ and @) to generate the . Ry = '

" N X statistical features 2 N
geopolitical relationship score Ry |
]

1

®) Fill in the missing relationship indices of Ensure information !
nodes with mean values completeness !

S Y

b =
(® Perform power transformation adjust-  Enhance data Ry = (R G =2 (9)

ment on the geopolitical relationship score §;;

(@ Perform power transformation adjust-

distinguishability

Map the comprehensive

Adjusted scores were winsorized at 1%/99% percentiles.

T = 1+ InMax(R;;) — In(R;)

(10)

ment on the geopolitical relationship score T; relationship index to distance

Fig. 2. Measurement Model for Geopolitical Relationship Distance.

(4) Comprehensive Trade Distance
2
ij

tioned three indicators. Polysilicon supply chain stability is profoundly constrained by economic

Comprehensive trade distance w;; is constructed through integration of the aforemen-
supply-demand dynamics, market competition, and geopolitical environments. Unifying these
three heterogeneous dimensions into network "distance" enables systematic quantification of
comprehensive risk resistance along trade pathways. This fused indicator transcends the scale-
obscuring effects of unidimensional trade volume weights, precisely illuminating "latent vulner-
abilities"” within networks —effectively identifying vulnerable dependency paths characterized by
substantial trade volumes yet elevated geopolitical risks and high disruption susceptibility. Such
reconstruction rectifies overestimation of node security in extant models, furnishing a scientific
edge weight foundation for multi-scenario resilience assessment. To scientifically determine di-
mensional weights, we employ an integrated weighting approach combining CRITIC objective
weighting with expert scoring subjective weighting [50]. The specific procedure is illustrated in
Fig. 3. The methodology comprises: first, standardizing the three distance indicators through uni-
b
computing standard deviations &' for each indicator and Pearson correlation coefficients r'* be-

fied dimensionless processing Z;;, where | indexes the respective distance indicators; second,
tween indicators, subsequently calculating information content s' based on indicator variability
and correlation, and deriving objective weights (a')’ accordingly; concurrently, determining sub-

jective weights (a')” through expert scoring; third, obtaining integrated weights a

through
weighted averaging of subjective and objective weights; and finally, synthesizing comprehensive
trade distance w/; by aggregating the three distance indicators according to these weights. This
approach accommodates both statistical properties inherent in the data and domain knowledge,

thereby achieving scientific integration of multidimensional information.
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Step Formula

(a; —a) X (T!l] — min(Tli ))
max(7; ) — min(T)

) Unify data dimension processing Zl.l]. Zha (@ =1, =10) (11)

I
: @ Calculate the standard deviation of
L each indicator &'

® Calculate the Pearson correlation L T (2 -7y) (2 - 2)) (13)
coefficient !t Jom (7 -Z) < o (7 -7h)
= m e e T .
I @ Calculate the information quantity m !
| value s! $=8tx Y A= (14,
h=1 I
L. A IN (D) :ZLS[‘ )
® Calculate objective weights(a') ) ) (15)
=0.395 (a?) =03597

I

| . . . . 1

1 @ Sub‘]ectfve welghflng based on result (a!)” = 04261, (a?)” =0.1589, (a®)" =0.4151 (16) !
expert scoring (g!) !

I
L

T -

@ Calculate subjective and objective a = M

weights ! resulta’ = 03357, @ =0.27695, a = 0.3874 an
et ———_____________ :
! ® Calculate comprehen-sive trade Wi =gzt a18) |
L |

Fig. 3. A Hybrid Weighting Framework for the Comprehensive Trade Distance Model.

2.2.3. Relevant indicators

To systematically examine the overall trade pattern of the global polysilicon trade network,
we draw upon analytical dimensions proposed in our prior research, examining transitivity, clus-
tering, hierarchy, and assortativity through computation of unweighted and weighted global effi-
ciency, clustering coefficients, assortativity coefficients, and degree distributions to characterize
aggregate network structural properties [41].

To thoroughly assess node roles and functions, we analyze node influence from multiple
dimensions. First, following our previous work, we employ out-degree/in-degree and correspond-
ing strength measures, unweighted and weighted betweenness centrality, and PageRank central-
ity to evaluate node influence and hub status[41, 51]. Second, building upon another prior study,
we measure node disruptiveness through global efficiency loss rates and largest connected com-
ponent total strength loss rates following node removal[52].

Node resilience is quantified as the area under the curve of performance retention rate over
time during sustained disruption, representing the cumulative performance level actually main-
tained by the node during that period. The computational procedure is detailed below.

Supply disruptions in the network occur at discrete time points. To simplify analysis, we
assume constant disruption intervals At between consecutive disruptions when calculating tar-
get node resilience. Different disruption sequences correspond to distinct node removal se-

quences. The disruption sequence is defined as:
o; = (51, 52, ...5]. "'6n) (19)
Where in Eq.(19) o; denotes the sequential disruption supply point sequence; &; repre-

sents the j-th disrupted supply point; and n indicates total disrupted supply points. This yields

the performance retention value sequence for the target node:

l l l l
(Pi,51’ Pi‘(gz; oy Pi,(Sj’ o Pi.Sn) (20)
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where in Eq.(20) Pifsj denotes performance retention value of node V; following disrup-

tion of the j-th supply point §;. The performance retention rate sequence is subsequently derived

as:
! Pil"sj
Rig; =1 (e2))
(Rls,» Rls,» - Rlsy - Rls) (22)

In Egs. (21) and (22), R! 5; represents performance retention rate of node V; following dis-

. . i . . t LR
ruption of supply point §;, calculated as the ratio of performance retention value P;s, to initial
performance value Pf.

Let t5, denote the disruption initiation time point and ts, indicate the disruption time
point for node §,. Given uncertainty in performance retention rate curves, we apply linear ap-
proximation between t5,_, and ts, for computational simplification. The cumulative perfor-
mance retention rate during this interval is represented by the trapezoidal area under the curve:

ts. (Rls_ +Rls )=t
J l — o0 i S |
ftaj_l Ri(t)dt = -

(23)

ts.
where in Eq.(23) ft;] Rf ()dt denotes the integrated performance retention rate area be-
-1

tween disruption of node §;_; and disruption of §;.

To ensure comparability of node resilience across years and nodes, we employ standardized
disruption scale settings, uniformly specifying baseline disruption count k across simulations.
This enables horizontal comparison under equivalent disruption scales, ensuring fairness and
comparability of node resilience measures. The node resilience formula following progressive dis-
ruption of k supply points is:

(Rbs,+REs, )xit  (REs +RLs,)snt
2

ts

Rf = [ Ri(®)dt =

l l
(Rbs,  +REs, )<t
+ -+ %

l l
R +R
k L’,&j_l t,6j
=i | —— |+ At
Z]_1< 2

Given that initial performance retention rate equals unity, Eq.(24) simplifies to Eq.(25):

24

1 1 —
Rl =[>+35RLs, + Mot R, |« e (25)

Node resilience is subsequently normalized by dividing by the initial retention value k:

!
Rll — Rz,res:tance (26)

Where in Eq.(26) R} denotes node resilience of node V; normalized by P! performance.
The baseline node resilience model established above characterizes node performance re-
sponses under idealized perturbation sequences based on homogeneous assumptions of constant
disruption intervals. However, differential geopolitical relationships in reality significantly mod-
ulate temporal dynamics of perturbation transmission. To capture this effect, we further map the
geopolitical relationship index onto heterogeneous temporal parameters between consecutive dis-
ruption events Specifically, we assume that relationship indices between nodes and supply points
are proportional to disruption intervals: higher index values indicate closer relationships and con-
sequently slower interference propagation. Building upon this, we modify the baseline node resil-

ience integral model by substituting constant step size At with variable intervals At;; ,thereby

j s
constructing a node resilience computational framework embedded within geopolitical contexts.

Accordingly, the time interval function is defined as:
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T,
At; 5= T:; * At X))
Where in Eq.(27) At; 5, denotes the disruption time interval between node i and its supply
point &j; At represents the constant step size; ngi indicates the geopolitical relationship index
between nodes; and T3 signifies the mean geopolitical relationship index across all nodes. Sub-

stituting into Eq.(24) yields the modified node resilience model (see Eq.(28)):

Rls 4R}
1 _ k 1,61 i,6;
Ri = 2j= (%) * Aty s; (28)

3. Results and Analysis

3.1. Evolution of Trade Patterns

Fig. 4 illustrates the overall evolutionary trajectory of the global polysilicon trade network
during 2004-2023. The upper panel presents temporal trends in aggregate trade value and trade
volume; the central bubble chart focuses on 18 core trading nodes including Germany, China, and
the United States, with red (export) and blue (import) circles dynamically reflecting trade scale
evolution; the lower panel depicts temporal changes in node count and edge count, revealing evo-

lution in network scale and connectivity density.
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Fig. 4. Bubble chart of global polysilicon trade scale from 2004 to 2023.
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The results indicate that global polysilicon trade volume expanded from 60,700 to 168,000
tonnes during 2004-2023, representing cumulative growth of approximately 177% with an annual
growth rate of 5.2%. This exhibits three-phase fluctuation characteristics —steady growth, rapid
expansion, and oscillatory decline—reflecting complex evolutionary processes characterized by
concurrent scale expansion and structural adjustment (Table 1). Node and edge counts in the

trade network demonstrate corresponding phased synchronous changes.

Table 1. Analysis of Phase-Wise Fluctuation Characteristics in Polysilicon Quartz

Stage Years Trend Description
Steady Growth Pe- Increased from 60,700 tons to 104,700 tons, representing
) 2004-2008
riod a growth of 72.4%.
Rapid Explosive 50092015 Surged sharply from 106,900 tons to 438,400 tons, with
Growth Period an increase of 310.1%.
Fluctuating Decline Fell back from 289,600 tons to 168,100 tons, marking a
2016-2023
Period decrease of 41.9%.

Global polysilicon trade is intimately linked to the photovoltaic industry, with demand fluc-
tuations directly influenced by photovoltaic installation cycles. From the demand perspective, Chi-
nese imports exhibit an inverted-U trajectory, transitioning from rapid ascent to gradual decline,
reflecting its transformation from demand-driven growth to enhanced self-sufficiency; Vietnam
has rapidly emerged as a novel demand center, becoming a critical node in supply chain region-
alization and restructuring. From the supply side, Germany has achieved steady export growth
driven by technological advancements, the United States exhibits resource-driven cyclical fluctu-
ations, and Malaysia has experienced exponential growth. In contrast, China's exports have de-
clined significantly from their peak [2, 53], attributable to the domestic absorption of raw materials
by its vast downstream manufacturing capacity. Collectively, the global supply chain is accelerat-
ing restructuring from a China-centric processing hub toward diversified technological gradients
and regionalized systems [54].

The 2008 financial crisis and 2020 COVID-19 pandemic affected polysilicon trade through
markedly distinct mechanisms. The 2008 financial crisis induced a 30.8% decline in trade value
during 2009, yet trade volume remained essentially stable. This suggests that financial shocks ini-
tially impact prices and transactional value, with effects on physical flows manifesting relatively
gradually. By contrast, COVID-19 in 2020 simultaneously reduced both trade value and trade vol-

ume, generating an "acute shock." This contrast corroborates [55] crisis taxonomy: financial crises

permeate trade gradually, whereas public health events inflict immediate disruptions.
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Fig. 5. Evolution of global efficiency of the network from 2004 to 2023.

Fig. 5 reveals that both unweighted and weighted global efficiency of the polysilicon trade
network exhibited upward trajectories during 2004-2023, with weighted efficiency increasing by
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approximately 16.6% —substantially exceeding the 6.8% growth in unweighted efficiency. This in-
dicates that enhanced network transmission performance derives not merely from topological con-
nectivity optimization, but more critically from comprehensive trade distance reduction attribut-
able to intensified trade relationships and moderated export competition. Network responses to
external shocks demonstrate structural differentiation: COVID-19 induced synchronous declines
in both efficiency measures, reflecting immediate supply chain disruption impacts; conversely,
weighted efficiency rose countercyclically following the financial crisis, potentially attributable to
significantly reduced export competition intensity that offset trade volume declines, thereby short-
ening comprehensive distance and elevating transmission efficiency —highlighting this indicator's

pivotal role in modulating network shock resistance.
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Fig. 6. Evolution of average clustering coefficient of the network from 2004 to 2023.

Fig. 6 indicates that clustering in the global polysilicon trade network has exhibited fluctuat-
ing intensification over the past two decades, with weighted average clustering coefficient surging
111% —reflecting supply chain clustering and core-periphery consolidation. The network mani-
fests dual response patterns to external shocks: post-2008 financial crisis, unweighted clustering
coefficient declined and connectivity loosened, yet weighted clustering coefficient rose countercy-
clically as core trade relationships strengthened, displaying pronounced defensive contraction
characteristics; by contrast, the 2020 pandemic shock induced synchronous weakening in both
connectivity and intensity, with weighted clustering coefficient declining 32.1% —reflecting more

direct and comprehensive interference with actual trade flows.
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Fig. 7. Evolution of assortative of the network from 2004 to 2023.

The assortativity coefficient of the polysilicon trade network illuminates underlying logic of
structural evolution. This coefficient captures node connection preferences based on trade scale:
positive values indicate propensity for similar-scale nodes to connect, whereas negative values
signify tighter connections between large and small nodes. As Fig. 7 demonstrates, unweighted
assortativity remains persistently negative, indicating stable disassortativity in topological struc-
ture with dominant hub positions occupied by few core nodes. Weighted assortativity, however,

fluctuated between positive and negative values before 2011, then turned sharply and persistently

337
338
339
340
341
342
343
344
345
346

347

348

349
350
351
352
353
354
355
356
357

358

359

360
361
362
363
364
365
366



negative from 2015 onward —marking fundamental transformation in actual trade flow structure
from early "strong-strong" alliance tendencies toward "strong-weak" connection patterns, with
trade intensity highly concentrated in core nodes.

This polarization trend has been predominantly shaped by the interplay of macroeconomic
fluctuations and industry-specific policies. The 2008 global financial crisis triggered the initial de-
cline. Between 2011 and 2012, anti-dumping and countervailing duty investigations initiated by
Europe and the United States erected tariff barriers and disrupted direct trade among major econ-
omies, dismantling the core "strong-strong" trade loop. Subsequently, China's suspension of the
polysilicon processing trade policy in 2014 and 2015 eliminated a major duty-free channel, redi-
recting supply routes toward peripheral processing nodes [56]. This shift caused the weighted
assortativity coefficient to plummet into negative territory by 2015. Compounded by the COVID-
19 pandemic in 2020, this metric has remained highly negative, indicating that successive external
shocks have not diversified the network but have instead entrenched a fragile "strong-weak" link-

age structure.
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Fig. 8. Evolution of degree distribution of the network in 2003 and 2024.

Fig. 8 presents degree-rank curves for the global polysilicon trade network in 2004 and 2023
under double-logarithmic coordinates. Results indicate that unweighted network slope f declined
slightly from 1.34 (2004) to 1.32 (2023), whereas weighted network fw increased from 3.86 to 4.18 —
signifying diminished hierarchy in unweighted networks yet intensified hierarchy in weighted
networks. Although broader country participation renders connectivity distribution more uni-
form, trade volume further concentrates toward few core nations. The global polysilicon trade
network exhibits "breadth extension, depth concentration” evolution: trade linkages broaden
while industrial concentration and scale effects enhance core countries' control over trade volume.

This characteristic is further corroborated in trade bloc evolution, as illustrated in Fig. 9 and Table
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Fig. 9. Distribution of trade groups of the network in 2004 and 2023.

Table 2. Detailed list of major trade group members in 2004 and 2023.
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Network Network
EYWOTE  Classification of Trading Blocs Number erwor Classification of Trading Blocs Number
Type(2004) Type(2023)

DEU@5) AUT(15) RUS(10) SVN(3)
DEU(778) VNM(395) BEL(156) FIN(2)
Communityl CZE@3) SAU(@) BEL(2) TUR0.67) 21 Community1 11

AUT(1) THA(1) etc.
SVK(0.07) UZB(0.0007) etc.

USA(401) JPN(225) KOR(60) SGP(28)
USA(182) JPN(169) GBR(49) KOR(20) TURM2) GBRG) AUS() IDN()

Community? NOR(17) UKR(10) CAN@) MEX(@2) 31 Community?2 37
CAN(03)  MEX(0.3)  UKR(0.8)
DNK(2) FIN(2) etc.

PHL(0.4) etc.
CHN(711) MYS(301) RUS(15) ITA(12)
CHN(274) ITA(17) NZL(15) POL(2)
Community3 20 Community3 DNK(11) IND@) BHR(Q) UZBQ2) 52
THA(1) IRN(1) ROU(0.4) VNM(0.05) etc.
ZMB(1) ZAF(0.4) ARE(0.08) etc.

IND(200) FRA(13) BHR(13) AUS(12)

ESP(8) MYS(7) BRA(6) NLD(4) SGP(3) CZE(29) SVK(15) NOR(14) NLD(6)
Community4 50 Community4 22
ARE(1) PHL(1) ZAF(1) IDN(0.96) FRA(5) ESP(4) ROU(1) POL(0.4) etc.
ZMB(0.05) etc.
Note: Values in parentheses denote node total strength, measured in 10°kg. 396

Table 2 demonstrates trade patterns evolving from quadruple equilibrium toward tripolar 397
dominance. German trade volume surged from 85,000 to 778,000 tonnes; China increased from 398
274,000 to 711,000 tonnes, consolidating its Asian supply chain hub status; and the United States 399
rose from 182,000 to 401,000 tonnes. Conversely, the Indian bloc, formerly trading 200,000 tonnes, 400
completely exited the core network, signifying a high concentration of global trade toward three 401
major centers. 402

Emerging critical nodes achieved substantial expansion, propelling network regionalization = 403
and specialization. The ascent of Asian supply chains is pronounced: Vietnam (395,000 tonnes) 404
became a core pillar of the German bloc, while Malaysia (301,000 tonnes) deeply integrated into 405
China-dominated networks. Simultaneously, intra-European technical collaboration networks 406
formed around the Czech Republic and Slovakia, averaging below 29,000 tonnes and exhibiting 407
refined specialization. 408

Three key forces drive this profound evolution. First, geoeconomic restructuring propelled 409
trade adjustments; for instance, Russia's shift from the German to the Chinese bloc exemplifies 410
strategic reorientation. Second, the global technological revolution generated novel demand, with 411
explosive growth in semiconductors and photovoltaics furnishing sustained momentum. Third, 412
global industrial chain restructuring facilitated specialized division systems, with processing re- 413
location to Southeast Asia collectively shaping current patterns of regionalization and specializa- 414
tion. 415

3.2. Evolution of core node Iinfluence 416

To analyze node influence and its evolution within trade networks, we visualize four critical =~ 417
years—2004, 2011, 2017, and 2023 —through topological diagrams. Each diagram employs a dual- 418
layer structure: inner chord diagrams depict trade volume and flow directions between nodes; 419
outer circular bar charts illustrate influential nodes and their top-five trading partners' importand 420
export compositions, simultaneously revealing node trade volume shares and trade dependency 421
structures. 422
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Fig. 10. Evolution of network topological structure.
Fig. 10 indicates that the global polysilicon trade network has evolved into a structure char-
acterized by high centralization, efficiency, and risk concentration. The supply side now forms a
"dominance triangle": Germany drives high-value exports via technological advantages [57], the
United States leverages cost and supply chain strengths [57, 58], and Malaysia serves as a critical
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transshipment hub. On the demand side, China has transitioned from a primary supplier into the
world's largest demand center, while Vietham has ascended as the second-largest demand coun-
try.

This pronounced geographic concentration induces pathway singularization and profound
network vulnerability. Current trade relies on a few primary routes characterized by extreme de-
pendencies, exemplifying by China's reliance on Germany and Vietnam's reliance on Germany
and the US. Consequently, localized disruptions propagate rapidly throughout the global supply
chain, underscoring the urgent need for diversification and technological innovation.

To systematically assess node influence, we analyzed unweighted and weighted rankings for
2004 and 2023, with detailed results presented in Fig. 11. The analysis utilized key centrality indi-
cators, including degree, betweenness, and PageRank, along with simulated removal loss rates.
Results indicate that network power has bifurcated into two distinct strata: a "structural control
layer" governing connectivity and intermediary functions, exemplified by China and the Nether-
lands, and a "flow dominance layer" controlling high-intensity trade, consisting of Germany, Ja-
pan, and the US. Over this period, Southeast Asian nations ascended rapidly in trade scale, while
India's demand position eroded.

Ultimately, network dominance has shifted from pure topological connectivity to a dual re-
liance on structural and flow advantages. The network exhibits a "dispersed form yet concentrated
essence" —while superficial connections have diversified, critical resources remain heavily concen-
trated within a few core nodes, constituting the structural root of its concurrent efficiency and

vulnerability.
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Fig. 11. Heatmap of node centrality and disruptiveness rankings in 2004 and 2023.

Fig. 11 reveals a marked disjunction between node influence and node disruptiveness for
select nodes: Japan exhibited the highest weighted PageRank in 2023, indicating exceptional trade
relationship quality, yet its export disruption generated modest weighted global efficiency loss
rates, suggesting high substitutability of its connections. Vietnam displayed extremely high

weighted in-strength but ranked low on disruption indicators, reflecting structural constraints in-
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herent to its terminal node position. This divergence demonstrates that singular centrality indica- 459
tors are insufficient for assessing systemic risk; network roles and connection substitutability 460
jointly determine potential shock magnitude. 461

Overall, centrality indicators correlate positively with network disruptiveness following ex- 462
port disruption, though correlation intensities vary across performance metrics. To further quan- 463
tify these relationships, we compute Pearson correlation coefficients between indicators, presented 464
in Fig. 12. 465
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Fig. 12. Correlation between node centrality and network performance loss rate in 2023. 467

Fig. 12 demonstrates that polysilicon trade network vulnerability diverges markedly be- 468
tween unweighted and weighted dimensions. At the topological level, out-degree strongly corre- 469
lates with network losses (reaching 0.972), identifying high-connectivity nodes as core pillars. 470
However, in the weighted network, correlations for trade strength and PageRank decline substan- 471
tially (0.45-0.60), while only weighted betweenness centrality remains robust (above 0.86). This 472
suggests that in a volume-integrated network, node disruptiveness depends on occupying struc- 473
turally unavoidable bottlenecks within flow pathways rather than mere trade scale. Such irreplace- 474
able hubs, even without peak trade volumes, are essential for preserving global circulation effi- 475

ciency. 476
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Fig. 13. Radar chart of network performance loss rate after core node disruption in 2004 and 478
2023. 479

Fig. 13 shows that core nodes' structural influence strengthened universally during 2004— 480
2023. China, Germany, and the Netherlands saw marked increases in global efficiency loss rates, 481
reflecting enhanced control functions. Conversely, the US transitioned from comprehensive dom- 482
inance toward supply specialization, maintaining stable local flow disruption despite declining 483
global efficiency impact. 484

Based on disruption indicators, nodes cluster into three categories: structural intermediaries 485
(e.g., China, Netherlands), whose core function is maintaining network connectivity; dual-impact 486
nodes (e.g., Germany, US), whose failure simultaneously compromises network strength and 487
transmission pathways; and nodes with limited influence. Notably, "channel controllers" like the 488
Netherlands generate substantial efficiency losses despite modest trade volumes. This reveals that 489
network vulnerability extends beyond resource origins to critical intermediaries; their failure can 490

precipitate systemic paralysis even amid global capacity sufficiency. 491

3.3. Evolution of node resilience 492

To assess node resilience within the global polysilicon trade network, we simulate systemic 493
risk through sequential failure of critical trade hubs. Employing four node removal strategies— 494
random disruption (averaged across 100 iterations), out-strength prioritization, weighted be- 495
tweenness centrality prioritization, and weighted PageRank centrality prioritization —we progres- 496
sively eliminate nodes and track decay trajectories of in-strength retention rates for core importing 497
nations, thereby identifying nodes with diminished resilience. Utilizing 2023 trade data and a con- 498
stant time step At as the simulation interval, Fig. 14 illustrates in-strength retention rate dynamics 499
for core importing nodes under alternative disruption strategies. The simulation duration is set to ~ 500
50 periods, a threshold ensuring that in-strength retention rates approach zero for most nodes 501

under targeted disruption strategies. 502
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Fig. 14. In-strength retention rate curves of core import nodes under various disruption strate-

gies in 2023.

The simulation results indicate the following. First, disruption strategies yield divergent im-
pacts. Out-strength prioritization, simulating failure of major exporting nations, triggers the most
rapid collapse of import capacity. Betweenness centrality disruption, representing failure of criti-
cal transshipment hubs, generates heterogeneous effects across countries. PageRank shows inter-
mediate impacts, while random disruption reveals substantial network buffering capacity. This
proves that trade network vulnerability stems from both supply concentration and pathway struc-
ture. Second, core nations manifest three resilience patterns. Belgium and Vietnam exhibit struc-
tural singularity, where capacity collapses abruptly under targeted hits. China demonstrates path-
way diversification coupled with supply fragility, showing resilience to transshipment disruptions
but extreme sensitivity to exporter loss. Japan and South Korea manifest strategic sensitivity, char-
acterized by rapid initial decline followed by attenuated degradation due to secondary channels.

To elucidate how geopolitical relationships moderate shock transmission, we adopt out-
strength prioritization as the baseline attack strategy. By mapping the geopolitical relationship
index onto heterogeneous disruption intervals in Eq.(27), we incorporate geopolitical differentia-
tion into the most threatening paths. To magnify initial disparities attributable to varying geopo-
litical time intervals, Fig. 15. In-strength retention rate curves for varying geopolitical time inter-
vals in 2023. compares in-strength retention rates during the first six simulation units, highlighting

early-stage dynamic differences under the most disruptive shocks.
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Fig. 15. In-strength retention rate curves for varying geopolitical time intervals in 2023.
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100%

The results indicate that, under geopolitical influence, retention rates decline more precipi-
tously for China and South Korea, whereas Vietnam and other Asian regions exhibit trajectories
more closely approximating baseline scenarios. This demonstrates that geopolitical relationship
indices derived from objective news data effectively quantify and predict node-specific risk expo-
sure within the global polysilicon trade network.

To comparatively analyze shock resistance of core importing nodes under both scenarios, we
calculate node resilience following Eqs (26) and (28) (Fig. 16). The simulation duration is set to 20

periods, at which point in-strength for all simulated nodes approaches zero.
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Fig. 16. Comparison of baseline resilience and geopolitical resilience of core import nodes.

Evidently, baseline resilience is directly determined by underlying trade network structure.
The rankings clearly reflect this pattern: South Korea and other Asian regions occupy the top two
positions, suggesting supply chains characterized by more evenly distributed pathways or dis-
persed nodes capable of uniformly absorbing shocks; Japan, China, and Vietnam follow, indicat-
ing potential network bottlenecks; whereas Belgium ranks lowest, implying excessive dependence
on a few critical nodes and structural vulnerability.

When geopolitical risk becomes the disruptive variable, the ranking shifts: other Asian re-
gions ascend to first place, demonstrating successful avoidance of high-risk partners in supply
chain architecture; South Korea declines to second, yet maintains high absolute resilience values,
exhibiting stability derived from the combination of robust "physical skeleton" and prudent stra-
tegic selection. Belgium remains last, exposing dual fragility in both structure and strategy.

To further elucidate long-term evolutionary trends in polysilicon node resilience and the per-
sistent effects of mitigation strategies, Fig. 17 presents resilience trajectories for six core importing

nations under two disruption scenarios during 2004-2023.
100%

| Node Qui-Strength Priority Strategy “m— CHN Node Out-Strength Priority Strategy- Geopolitical Time Intervals
5y M| | 2
Ss0% 4 o oaMliogoe o a
= v N [[2
“@60% & AOR|['Z60% o °
o | ° A, 4« KOR||E A,
A
240% \ A A 240% - A
A
F O @ A A L4 A
“ 200 q,-ika.P;'gao!_‘ oo Qé .';.g}}v’c -
| BT b P st e g g SERE2 S NSRS FEES SEe
0 1. : =, 1. s S |
0% T T LI | T T LI T LI T T LI T T L T 0% T T T LI T T LI T LI T L T T T
T MO YRO—~MmT N0 S —~ M T VOO RO —lmT OGS — oM
[ I — A — T - B B e B i e e I e e e B e P I s B o | D DS DD D o e e e e e [ I |
S SO0 So cocooQoo o S o =T T — = R R — R S — N — S~ S~
Lot B o I o I o B o B S A o O o B o BN o B ot B ot I o B o B o B o B o R o B o B o | Lox I o B o B o B o I S o B o O o BN o B ot BN o BN o N o A o N o B o B o [ o B o |
Fig. 17. Evolution of baseline resilience and geopolitical resilience of core import nodes.

Fig. 17 demonstrates that while geopolitically adjusted resilience aligns with the overarching
baseline trends, it manifests pronounced heterogeneity in regulatory intensity and perturbation
depth. Network topology defines the fundamental "corridor" for resilience evolution, yet geopo-
litical linkages act as differential modulators. Specifically, China and South Korea undergo con-
sistent resilience suppression due to persistent geopolitical friction, whereas Vietnam and Belgium
experience amplified volatility, reflecting a higher sensitivity to bilateral relationship shocks. This

suggests that geopolitical risk does not function as a uniform external pressure, but rather as a
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node-specific filter that reshapes individual resilience trajectories within the constraints of global

trade structure.

4.Conclusions

This study examines the global polysilicon trade network, constructing a complex network
model weighted by comprehensive trade distance. We systematically characterize the evolution-
ary features of trade patterns, structural shifts in node influence, and node resilience under supply
disruption shocks during 2004-2023. The main findings are as follows:

(1) Regionalized agglomeration in "supply—processing-demand" trade patterns. Global pol-
ysilicon trade has evolved into a regionalized structure with Germany and the U.S. as dual supply
hubs, and China and Vietnam as primary processing and demand centers. This high supply-side
concentration is driven by both resource endowments and technological barriers.

(2) Functional stratification of node influence. Germany and the U.S. dominate the supply
layer through upstream resource and technological control. In contrast, China and Vietnam, de-
spite substantial trade volumes, function as high-import-dependent "processing and demand
hubs" rather than core nodes in the supply dimension.

(3) Escalating supply-side fragility amid network efficiency gains. Strengthened trade link-
ages have enhanced weighted global efficiency; however, deepening negative assortativity and
hierarchy indicate that trade intensity is further concentrating within a few supplier nations. While
optimizing efficiency, this structure significantly amplifies network sensitivity to supply-side dis-
ruptions.

(4) Topological determination of resilience with geopolitically differentiated modulation.
Node resilience is fundamentally defined by the "evolutionary corridor" of the network topology,
while geopolitical linkages act as differential modulators. Geopolitical risk does not function as a
uniform external pressure but as a node-specific filter that exerts asymmetric correction and per-
turbation on individual resilience trajectories through bilateral linkages.

The key innovations of this study include:

(1) Integrated framework for geopolitical-resilience assessment. We developed a politically
sensitive resilience model by mapping a GDELT-based geopolitical relationship index onto heter-
ogeneous disruption intervals. This transcends the conventional homogeneous shock assumption,
enabling contextualized simulation of risk transmission where geopolitical linkages act as differ-
ential modulators within the topological "evolutionary corridor."

(2) Comprehensive trade distance-weighted network modeling. By synthesizing trade inten-
sity, export competition, and geopolitical relationships, we constructed a dual-weight directed
network capturing both "trade flow" and "trade resistance." This approach significantly enhances
the structural resolution and realistic explanatory power of strategic intermediate goods trade rep-
resentations.

(3) Systematic revelation of polysilicon trade evolution. This study provides the first long-
term characterization of trade patterns, node influence, and resilience for polysilicon. It demon-
strates that geopolitical risk functions as a node-specific filter, exerting asymmetric perturbations
on individual resilience trajectories within the constraints of global trade structure.

Policymakers should transition from pure efficiency-seeking to a resilience-oriented frame-
work by diversifying supply sources and strengthening regional collaboration. Crucially, geopo-
litical risk assessment must be integrated into strategic frameworks to manage the asymmetric
shocks identified by our "node-specific filter" mechanism. While providing a robust analytical par-
adigm, this study remains subject to variations in international trade statistical standards and the
news-based nature of the geopolitical index. Future research may extend this framework to other
critical minerals or integrate multi-scenario industrial policy simulations to further optimize sup-

ply chain risk management.
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