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Abstract

Artificial intelligence (AI) technology has become the core force driving industrial trans-
formation in today’s world. In-depth exploration of the spillover effects between artificial
intelligence and new energy, as well as high-carbon-emission industries is of great signifi-
cance for optimizing the industrial structure, preventing systemic risks in the industrial
system, and achieving high-quality development. Based on the DY and BK spillover
index model under the TVP-VAR framework, this paper analyzes the spillover effects
between artificial intelligence and new energy, as well as high-carbon-emission industries
from a time—frequency perspective, and constructs a spillover network to analyze the risk
spillover transmission path. Finally, it explores the optimal investment portfolio weights
and investment hedging strategies in the financial market. The results show that there
is a significant static spillover effect between artificial intelligence and new energy, as
well as high-carbon-emission industries. The intensity of this effect follows the pattern of
“short-term > medium-term > long-term”. Moreover, new energy and some high-carbon-
emission industries (such as the non-ferrous metals industry, the petrochemical industry,
and the chemical industry) are the net spillover sources, while artificial intelligence and
some high-carbon-emission industries (such as the power industry, the building materials
industry, and the aerospace industry) are the net receiving parties. The dynamic spillover
effect exhibits significant time-varying characteristics, being significantly impacted by
major events such as environmental protection policies, the COVID-19 pandemic, and
technological innovations. The chemical industry is the largest spillover outputter in all
frequency domains, while the building materials industry is the largest receiver. From the
perspective of the spillover network, the artificial intelligence industry, as a key node of
the spillover network, plays a crucial role in the transmission of risk spillover. From the
perspective of investment practice, the minimum connectedness portfolio (MCoP) performs
well in terms of risk hedging effectiveness and return performance and may be the best
choice for investors to balance risk and return.

Keywords: TVP-VAR model; DY-BK spillover index; time-frequency analysis; artificial
intelligence
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1. Introduction

In the context of the intertwined evolution of the new round of technological revolution
and industrial transformation, artificial intelligence (AI), as the core technological driving
force of the digital economy era, is reshaping the global energy industry landscape and
the transformation path of high-carbon-emission industries [1]. From the perspective of
technological empowerment, on the one hand, Al technology can precisely optimize the
operational efficiency of the new energy industry and reduce its production costs through
real-time monitoring and data analysis of new energy production, consumption, and
storage [2]. On the other hand, Al technology can assist high-carbon-emission industries
in achieving intelligent control of the production process, refined management of energy
consumption, and collaborative optimization of the supply chain, accelerating their low-
carbon transformation [3]. However, the exponential expansion of Al infrastructure is
triggering a significant energy rebound effect. According to the “White Paper on Green
Computing Power Index for the Entire Life Cycle of Data Centers”, by 2030, the total energy
consumption of China’s data centers is expected to exceed 400 billion kilowatt-hours.
Meanwhile, China’s current power supply structure remains constrained by fossil energy
path dependence. In 2024, thermal power generation was 6343.77 billion kilowatt-hours,
accounting for 67.36% of the country’s total power generation. This structural contradiction
leads to a counterbalancing effect between digital emission reduction dividends and energy
consumption increases, weakening Al’s promotional effect on new energy development
and increasing carbon reduction difficulties for high-carbon industries. Thus, a complex
interaction exists among Al, new energy, and high-carbon-emission industries [4].

To ensure conceptual clarity, this study defines the three core sectors as follows: the
artificial intelligence industry refers to the economic activities centered on the research,
development, and application of Al technologies (such as machine learning and big data
analytics), serving as a general-purpose technology driving digital transformation [1,2].
The new energy industry encompasses sectors dedicated to the development and utilization
of clean, renewable energy sources, primarily including photovoltaic, wind power, and
energy storage technologies [3]. The high-carbon-emission industries denote traditional in-
dustrial sectors characterized by high energy consumption and significant carbon intensity,
specifically including the steel, cement, chemical, and thermal power generation industries,
which are the primary focus of China’s carbon peaking and neutrality strategies.

With the continuous advancement of industrial financialization, black swan and gray
rhino events occur frequently, leading to nonlinear characteristics of risk spillover transmis-
sion within the modern industrial system [5]. Asymmetric fluctuations in energy markets
triggered by major socioeconomic events could potentially, through factor price revaluation,
affect the marginal production costs of high-carbon industries and may further influence
structural demand-side conditions. Potentially, capital markets might transmit compound
shocks to Al, new energy, and high-carbon industries via price discovery and risk pricing
mechanisms, contributing to cross-industry risk spillover with distinct time—frequency
characteristics [6]. Therefore, systematically deconstructing the risk spillover mechanism
among the three sectors not only reveals the risk equilibrium mechanism in industrial coor-
dinated development but also provides theoretical support for constructing cross-cyclic
risk hedging strategies. Particularly under the dual goals of carbon neutrality and digital
technological revolution, clarifying the time-varying rules and transmission paths of risk
spillover holds important academic value and practical significance for optimizing inter-
industry capital allocation, improving macro-prudential policy frameworks, and designing
dynamic portfolio strategies.

The existing literature explains spillover effects from two perspectives: the economic
fundamental view and the market contagion view. The economic fundamental view
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emphasizes intrinsic correlation, where cross-industry risk spillover derives from structural
coupling among factor, product, and financial markets [7]. The market contagion view
focuses on irrational behaviors, rooted in bounded rationality and information cascade
effects [8]. Numerous studies have discussed spillover effects in new energy and high-
carbon industries. Han et al. [9] employed the TVP-VAR-BK model to investigate frequency-
domain risk spillover between China’s carbon market and high-carbon industries. Ouyang
et al. [10] verified that risk spillover contagion in the energy sector generally follows a
transmission path from petrochemical to coal industries. Liang and Pan [11] explored the
structural characteristics of China’s high-carbon industries and used fixed effect models
to analyze direct and spillover effects on provincial carbon emissions. Dogan et al. [12]
concluded that major external shocks dramatically change volatility spillover patterns from
high-carbon to new energy industries, confirming nonlinearity.

Turning to studies involving Al, current research focuses mainly on technological
empowerment and carbon reduction practices, largely ignoring cross-industry spillover
effects. For the new energy industry, Zhang et al. [13] showed that Al’s asymmetric impact
improves prediction accuracy of new energy development. Duan [14] proposed an Al-
based demand forecasting method for new energy power. Dai et al. [15] analyzed the new
energy photovoltaic market under Al. For high-carbon industries, Pournader et al. [16]
noted that Al can predict future carbon emissions to support emission reduction strategies.
Su et al. [17] applied large model algorithms to predict carbon emissions in the building
materials industry. Liu et al. [18] found an inverted U-shaped relationship between Al and
carbon emissions using Chinese city-level panel data. Ouyang et al. [19] reviewed Al and
big data applications in transportation carbon emissions. Yu et al. [20] quantified carbon
footprints of 79 Al systems and highlighted rising emissions due to surging computing
demand. However, none of these studies examine spillover effects among Al, new energy,
and high-carbon industries as an interconnected system.

In terms of spillover measurement methods, existing studies primarily adopt GARCH
models, Copula functions, CoVaR, and related tools. Jude et al. [21] applied multivari-
ate GARCH to analyze spillovers between Central-Eastern European stock markets and
energy markets. Wang et al. [22] used BEKK-GARCH to test volatility spillover between
international milk powder and China’s raw milk markets. Wu and Wang [23] combined
BEKK-GARCH, DCC-GARCH, and ensemble empirical mode decomposition for Sino-US
bean futures markets. Liu et al. [24] integrated VEC and GARCH into a VEC-BEKK-
GARCH framework to examine spillovers among RMB exchange rate, energy, and carbon
markets. Yuan et al. [25] utilized Copula and mixed-frequency VAR models. Zha et al. [26]
combined quantile-on-quantile, time-varying Copula, and CoVaR to study Bitcoin, crude
oil, and financial markets. Zhou et al. [27] adopted an extended CoVaR model for sys-
temic risk spillover among Chinese securities companies. Zou et al. [28] constructed a
GARCH-Copula-CoVaR model for dry bulk shipping freight rates.

To reduce sample loss and capture time-varying dynamics, Antonakakis and
Gabauer [29] proposed the DY spillover index based on TVP-VAR, evaluating cross-variable
spillover from the time-domain perspective. Subsequently, scholars extended this to the
frequency domain, developing the BK spillover index under TVP-VAR [30]. Liu et al. [31]
used TVP-VAR-DY to analyze risk spillover between traditional energy and green financial
markets. Li et al. [32] constructed a sanctions index and applied TVP-VAR-DY to study
EU sanctions effects on oil and energy stock prices. Han et al. [9] adopted TVP-VAR-BK to
examine carbon market and high-carbon industry spillover, combined with nonparametric
quantile Granger causality. Fan et al. [33] used DY and BK indices to analyze liquidity
spillover among WTI, Brent, and INE crude oil markets. Lei et al. [34] applied TVP-VAR-DY
and BK to return spillover along China’s industrial chain. Furthermore, complex network
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analysis has been widely applied to visualize spillover structures. Liu and Xu [35] com-
bined spillover indices with network analysis for global new energy listed companies.
Wei et al. [36] constructed complex networks based on TVP-VAR forecast error variance
decomposition. Fu et al. [37] adopted DY indices and network analysis for multi-carbon
and green energy markets. Finally, some studies have computed optimal hedge ratios and
portfolio weights. Mo et al. [38] compared static and dynamic Copulas with CoVaR to
analyze crude oil spillovers and portfolio optimization. Wang et al. [39] used DCC and
TVP-VAR models for crude oil, gold, and Chinese power companies, combining portfolio
strategy analysis.

Despite the rich body of literature, three noticeable gaps remain. First, existing studies
predominantly focus on one-way technological linkages between Al and new energy or Al
and high-carbon industries separately, but rarely treat Al, new energy, and high-carbon
industries as an integrated tripartite system. The systematic risk spillover nexus among all
three sectors has not been theoretically or empirically examined. Consequently, a multi-
dimensional analytical framework covering technology spillover, industrial correlation,
and risk contagion is lacking. Second, most studies confine themselves to time-domain
analysis and fail to capture time—frequency heterogeneity. This limitation makes it difficult
to distinguish short-term fluctuations from long-term trends in risk spillover and to identify
the interactive impacts of economic cycles and industrial policies at different frequencies.
Third, while existing research measures spillover intensity, it rarely monitors dynamic
transmission paths or designs targeted portfolio optimization strategies for risk hedging
and return balance. Specifically, the application of minimum connectedness portfolios has
not been extended to the AI-new energy-high-carbon system.

This paper addresses the above gaps with three marginal contributions. First, in terms
of indicator selection and industrial representation. In order to systematically study the
spillover effects among artificial intelligence (Al), the new energy industry, and high-carbon-
emission industries, this paper selects broadly representative indices, including the Al
industry index (e.g., the CSI Artificial Intelligence Theme Index), the new energy industry
index (e.g., the CSI New Energy Index), and typical high-carbon-emission industry indices
such as steel, cement, and electric power. This multi-dimensional indicator system enables a
more comprehensive and accurate characterization of the differential spillover effects of Al
technology on the new energy industry and high-carbon-emission industries, filling the gap
in the existing literature that mostly focuses on single industries or pairwise interactions.
Second, in terms of research methodology and frequency-domain analysis. This paper
not only employs the DY spillover index model under the TVP-VAR framework but also
further introduces the BK spillover index model to examine the spillover effects among
Al, the new energy industry, and high-carbon-emission industries from both time-domain
and frequency-domain perspectives. This combined approach overcomes the limitation of
traditional static spillover index models that cannot distinguish between short-term and
long-term spillovers, allowing a more refined capture of the dynamic evolution of spillover
effects across different time horizons. Third, in terms of research content and financial
market applications. On the basis of revealing the risk spillover transmission paths (by
constructing a spillover network), this paper further explores optimal portfolio weights
and hedging strategies in financial markets. This extension moves the analysis from purely
industry-level spillover effects to asset allocation and risk management practices, providing
quantitative evidence and decision-making references for investors to optimize portfolios
and hedge risks under the rapid development of Al and the new energy industry, as well
as the transition of high-carbon-emission industries. Overall, the research framework of
this paper offers new methodological perspectives and empirical evidence for analyzing
the multi-dimensional spillover effects among Al, the new energy industry, and high-
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carbon-emission industries. The conclusions also have theoretical significance and practical
guiding value for promoting industrial synergy, preventing systemic risks, and guiding
green financial investments.

The remainder of the paper is structured as follows: Section 2 describes the data
and methodology; Section 3 presents empirical results including static and dynamic
spillover analyses, frequency-domain decomposition, network topology, and portfolio
strategies; Section 4 is the discussion part; and Section 5 concludes with policy implications
and limitations.

2. Research Methods and Data
2.1. DY and BK Spillover Index Models Based on the TVP-VAR Framework

The TVP-VAR-DY method combines the time-varying parameter vector autoregression
(TVP-VAR) model with the DY spillover index from the time-domain perspective, focusing
on the dynamic changes in variables in the time series. First, the TVP-VAR(p) model
is constructed:

ve=Puy—i+e &~ (0,%) 1)

yt, ys—1 and g are all N x 1 dimensional vectors. ®;; and Xy are N x N dimensional
matrices. To calculate the generalized forecast error variance decomposition (GFEVD), we
first convert the TVP-VAR(p) model into the TVP-VMA (c0) form:

yr =¥ (L)e ()

¥ (L) can be approximated by ¥h over different time horizons, where & refers to the time
horizon, namely & = 1,2, ..., H. The generalized forecast error variance decomposition
(GFEVD) is applied to quantify the changes in the forecast error variance of a specific vari-
able (e.g., sequence a) caused by shocks from other variables (e.g., sequence b). Specifically,
the GFEVD is expressed as:

(Z0) 50 T o (T ) apt)?

Yabt (H) Z H (Ththjz)[m (3)

'Yuht(H)
Z}i\]:l Yabt (H)

where YN | 'Nyubt(H )=1and 251:1 YN | Ya:(H) = N. Based on the generalized forecast
error variance decomposition, the directional spillover index, net spillover index and total

Yapr(H) = (4)

spillover index are defined as:

N ~

TOu(H) = ) Yap(H) )
a=1,a#b
N ~

FROMu(H) = Y 74 (H) (6)

b=1,a#b
NET.(H) = TOu(H) — FROMy(H) 7)
TCI{(H 12 TOu(H 1ZFROMa¢( ) ®)

a=1
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From the frequency-domain perspective, the TVP-VAR-BK method combines the
time-varying parameter vector autoregression (TVP-VAR) model with the Barunik—Kr¢al
(BK) spillover index. This approach can dynamically capture the spillover effects among
variables and decompose such effects into distinct frequency bands. Chatziantoniou
et al. [40] constructed the frequency response function y(e~"“) = Y3 1 e~*“Hyp, based on
spectral analysis. Here, w represents the spectral density of y; at frequency w, which is
defined as the Fourier transform of TVP-VMA (o0) [40]:

Sy(w)z Z E(Ytyt/,h)e_iah —mw Zt +1uw (9)
h=—c0

The combination of spectral density and GFEVD is defined as frequency-domain
GFEVD. In this paper, the frequency-domain GFEVD is normalized as follows:

(0| i (9™ S "
'Yabt(w) EZ":o(lP(e‘i"’h) Zt 4,(eiwh))il. ( )
Fan(w) = ) (11)

leg\lzl Yabt (w)

Equation (11) indicates that, for a given frequency w, the spectral component of the
a-th variable can be attributed to the shocks originating from the b-th variable. However,
the frequency w in Equations (10) and (11) is set as a single value, and the measured
connectivity is only calculated at one specific frequency. To evaluate connectivity under
multi-frequency scenarios, Chatziantoniou et al. [40] defined frequencies within specific
intervals, expressed as 6 = (j, k) with j < kand k € (—7, 7). The connectivity calculation
under different frequency bands is presented as follows:

~ k
Yape (0) = /] Y ape (@)dew (12)

Accordingly, the directional spillover index, net spillover index, and total spillover
index are formulated as:

N
TOu(0) = Z Var (0) (13)
a=1,a#b
N ~

FROMu(0) = ) Yars(9) (14)

b=1,a#b
NET(0) = TOu(8) — FROM,4(6) (15)
TCI (0 - Z TOu(0) =N~" 2 FROM(6) (16)

a=1

Barunik and K¥ehlik [41] argued that the connectivity contribution of each frequency
band should be weighted by the overall connectivity contribution of the entire system.

N2

Taking E(6) = Z”'b%w as the weighting coefficient, Equations (13)-(16) can be revised
into the following forms:

TO,(0) = Z(0)eTO(0) (17)

FROM,,(6) = Z(0)eFROM_(0) (18)

NET,;(6) = E(0)eNET,(6) (19)

TCI;(0) = E(0)eTCI;(0) (20)
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The entire TVP-VAR-DY and TVP-VAR-BK analysis was implemented in MATLAB
R2023a using custom-coded functions based on the frameworks of Diebold & Yilmaz
(2012) [42] and Barunik & Kfehlik (2018) [41]. The specific steps for frequency-domain
spillover calculation are as follows. Step 1: Estimate the TVP-VAR model using the tvvars
package to obtain the time-varying coefficient matrix and variance-covariance matrix.
Step 2: Convert the TVP-VAR model into the TVP-VMA(c0) form using the Wold decom-
position, approximated by truncating the infinite lag at 100 terms to ensure accuracy.
Step 3: Calculate the spectral density matrix for each time period using Equation (9), with
the frequency w ranging from 0 to 7t at intervals of 0.01. Step 4: Compute the frequency-
domain GFEVD using Equations (10) and (11), then normalize the results to ensure the sum
of each row equals 1. Step 5: Decompose the spillover effects into the three predefined fre-
quency bands using Equation (12) and calculate the weighted frequency-domain spillover
indices (directional, net, and total) using Equations (17)-(20).

2.2. Complex Network Analysis Method

To identify the spillover network structure of the “artificial intelligence—new energy—
high-carbon-emission industry” system, this paper constructs a spillover complex network
denoted as G = (V, E). Each industry is treated as a network node V = vy, vy, ..., vy, and
the spillover relationships between industries are defined as network edges E.

This study adopts the TVP-VAR-DY and TVP-VAR-BK models to calculate the static
spillover index and further establish the network adjacency matrix:

A = [aj]NxN (21)

where a;; represents the static spillover index from industry i to industry j.
ij rep 1% y Yy

Based on the net pairwise spillover index S;;, the out-degree, in-degree and total

ijr
degree of network nodes are defined as follows:

out; = ZSU (22)

il/li = 2511 (23)
Jj#

Deg; = out; + in; (24)

Taking the variance contribution FEV D; of each industry as the node weight w;, this
paper constructs a weighted spillover network W;; = a;j-wj, so as to accurately describe the
overall spillover network structure of the research system.

2.3. Portfolio Model

Portfolio optimization is a core part of investment management, which aims to adjust
asset allocation through scientific methods to balance risk and return. Referring to Sun
et al. [43], this paper selects three typical portfolio strategies for comparative analysis,
namely the minimum variance portfolio (MVP), minimum correlation portfolio (MCP) and
minimum connectivity portfolio (MCoP).

The weight of the minimum variance portfolio (MVP) strategy is calculated by
Equation (25):

_ B
CIH

wt (25)

where w; denotes an m x 1 portfolio weight vector, I is a 1 x m identity vector, and H;

refers to the m x m time-varying variance-covariance matrix in period ¢. After estimating
the time-varying variance—covariance matrix, the dynamic conditional correlation matrix
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R; and the conditional variance-covariance matrix Q; based on standardized residuals are
further constructed:
Qr=Q"(1—a—b)+az_1z;_;+bQs 4 (26)

Ry = diag(Q;) Y2 Qidiag(Qs) /2 (27)
The weight of the minimum correlation portfolio (MCP) is defined as:

_ R
IRI

wt (28)
Following Broadstock et al. [44], the pairwise spillover index is adopted to construct
the weight of the minimum connectivity portfolio (MCoP):
PCI;'I
wr = 711 (29)
IPCI 1
where PCI; represents the pairwise connectivity matrix, and I denotes the identity matrix.
To evaluate the performance of alternative portfolio strategies and hedging effectiveness,
the relevant portfolio weights are set as follows:

hiip — hijt
Wine = A L 30
U hije — 2Ry + higg (30)
0, wij < 0
Wijt  Wij, 0< wij < 1 (31)
1, wij > 1
The effectiveness of each portfolio strategy is measured as below:
Var(r
HE=1- & (32)
Vﬂr(runhedge)

Var(ryp) represents the variance of the hedged portfolio with optimal strategy
weights, and Va”(”unhedge) is the variance of unhedged assets. The hedging effective-
ness (HE) index reflects the risk reduction degree of portfolio hedging. A higher HE value
indicates a more effective hedging performance.

2.4. Data, Sectoral Indices, and Log-Return Series

Artificial intelligence (Al) is measured by the CSI Artificial Intelligence Thematic Index
(930713). This index selects 50 listed securities from the Shanghai and Shenzhen stock
markets. The selected enterprises are engaged in big data, cloud computing, cloud storage,
machine learning, machine vision, face recognition, speech and semantic recognition,
intelligent chips and other related fields, which can effectively reflect the development
prospect of the artificial intelligence industry.

The new energy industry (NEW) is represented by the National Securities New En-
ergy Index (399412). The index covers the new energy and new energy vehicle indus-
tries. It selects the top 50 securities with the highest average daily trading turnover,
including STAR Market stocks listed for more than one year and other securities listed
for over six months. This index comprehensively reflects the overall trend of the new
energy industry.

High-carbon-emission industries are represented by eight key high-carbon sectors
covered by China’s carbon market. Specifically, this paper adopts eight industry indices: the
power industry index (H30199), iron and steel industry index (399440), building materials
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industry index (L11604), non-ferrous metal industry index (399395), petrochemical industry
index (H11057), chemical industry index (CN5090), papermaking industry index (CN6041),
and aerospace industry index (CN5082). These indices correspond to eight high-carbon
sectors: power (DL), iron and steel (GT), building materials (JC), non-ferrous metals (YS),
petrochemicals (SH), chemical industry (HG), papermaking (ZZ), and aerospace (HK).

The sample period ranges from 4 August 2015 to 6 December 2024. All data are
daily frequency, with a total of 2258 observations. The original daily price data used in
this study are sourced from the CSMAR database (https://www.csmar.com), a commer-
cial, subscription-based financial data platform widely used in academic research, and
logarithmic return series are adopted for empirical analysis.

Table 1 reports the results of descriptive statistics and stationarity tests. As shown in
Table 1, the skewness coefficients of all variables are non-zero, and the kurtosis values are
greater than 4. The Jarque-Bera (JB) statistics are significant at the 1% level, indicating that
all sample series present obvious leptokurtic and fat-tailed characteristics. The ADF test
results show that all variable series are stationary at the 1% significance level, which meets
the stationarity requirement and is suitable for subsequent empirical analysis.

Table 1. Descriptive statistics and stationarity tests for daily logarithmic returns.

Variable Mean SD Min Max Skewness Kurtosis JB Test ADF Test

Al 0.001 2.079 —15.670 12.809 —0.279 7.200 1689.346 ***  —45.993 ***
DL —0.010 1.351 —10.697 7.396 —0.713 9.851 4607.798 ***  —48.311 ***
GT —0.026 1.741 —12.345 8.510 —0.602 7.817 2320.220 ***  —48.167 ***
JC 0.009 1.948 —13.832 11.338 —0.005 6.619 1232.455 ***  —46.560 ***
YS 0.006 1.985 —13.294 8.354 —0.476 5.976 919.1375 ***  —46.395 ***
SH —0.008 1.493 —12.969 7.516 —0.808 9.325 4011.286 ***  —46.023 ***
HG —0.000 1.689 —13.941 8.663 —0.796 8.605 2320.220 ***  —45.048 ***
77 0.001 1.698 —14.005 8.063 —0.776 8.680 3262.358 ***  —47.003 ***
HK —0.019 2.227 —13.224 11.809 —0.192 6.425 1117.665 ***  —46.057 ***
NEW 0.005 1.962 —13.508 10.702 —0.458 7.343 1584.038 ***  —47.187 ***

Note: *** implies the statistical significance level of 1%. JB Test = Jarque-Bera test. ADF Test = Augmented
Dickey-Fuller test.

3. Empirical Analysis

3.1. Static Spillover Effect Analysis
3.1.1. Time-Domain Static Spillover

This paper first adopts the DY spillover index model under the TVP-VAR framework
to explore the time-domain static spillover effects among artificial intelligence, new energy
and high-carbon-emission industries. To address the model selection concerns, the optimal
lag order is determined as order 1 based on the AIC criterion, which is consistent with
the standard practice in high-frequency financial time series analysis to avoid overfitting
while capturing the immediate dependency structure. Furthermore, a forecast horizon of
100 periods is selected because it approximates the infinite horizon in variance decomposi-
tion for stationary processes, ensuring that the impulse responses fully decay and capture
the total contribution of shocks. The optimal lag order is determined as order 1 according
to the AIC criterion, and the forecast error variance decomposition is set at 100 periods.
The full-sample time-domain static spillover results are presented in Table 2.

Overall, the total spillover index is 76.79%, indicating a strong information spillover
between artificial intelligence and new energy and high-carbon-emission industries. From
the perspective of directional spillover, the internal spillover effect among each variable
is higher than the influence of the spillover effect from other variables. Among them,
the internal spillover effect of the building materials industry (JC) in the high-carbon-
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emission industry is the highest at 35.37%. The external spillover effects of the chemical
industry (HG), petrochemical industry (SH), and new energy industry (NEW) are the
strongest, at 106.33, 99.18, and 85.24 respectively. The inflow effects of the chemical
industry (HG), petrochemical industry (SH), and non-ferrous metals industry (YS) are the
strongest, at 83.42, 82.39, and 80.32 respectively. From the perspective of net spillover, the
net spillover values of steel (GT), non-ferrous metals (YS), petrochemical industry (SH),
chemical industry (HG), paper industry (ZZ), and new energy industry (NEW) are positive,
at 0.70,4.25,16.81, 22.90, 0.38, and 5.34 respectively; while the net spillover values of power
(DL), building materials (JC), aerospace (HG), and artificial intelligence industry (Al) are
negative, at —7.95, —23.57, —12.79, and —6.07 respectively. This indicates that once steel
(GT), non-ferrous metals (YS), petrochemical industry (SH), chemical industry (HG), paper
industry (ZZ), and new energy industry (NEW) undergo changes, they will affect other
industries and may even trigger systemic risks. While power (DL), building materials (JC),
aerospace (HG), and artificial intelligence industry (Al) are in the position of net receivers
in the system, they are more likely to be disturbed by other industries.

Table 2. Full-sample time-domain spillover index.

DL GT JC YS SH HG 77 HK Al NEW FROM
DL 28.65 10.10 4.48 7.97 10.21 9.58 8.01 6.27 6.34 8.38 71.35
GT 8.63 21.77 6.59 12.34 12.10 11.12 8.60 5.65 5.61 7.57 78.23
JC 6.42 10.39 35.37 6.84 10.98 8.25 8.52 3.60 443 520 64.63
YS 6.76 11.34 4.38 19.68 12.53 12.76 8.27 6.70 6.78 10.81 80.32
SH 7.68 10.12 6.15 11.22 17.61 15.23 8.92 6.21 6.76 10.10 82.39
HG 6.97 8.80 4.50 10.77 14.35 16.58 9.74 7.57 8.80 11.92 83.42
4 7.15 8.60 5.73 8.66 10.69 12.26 22.05 6.81 9.19 8.85 77.95
HK 6.67 6.63 2.87 8.34 8.60 11.28 8.02 25.61 11.28 10.70 74.39
Al 6.14 6.00 3.12 7.68 8.48 11.84 9.95 10.42 24.66 11.71 75.34
NEW 7.00 6.95 3.23 10.75 11.23 14.02 8.29 8.37 10.07 20.10 79.90
TO 63.41 78.94 41.05 84.57 99.18 106.33  78.32 61.60 69.27 85.24 767.92
NET —-795 0.70 —23.57 4.25 16.81 22.90 0.38 —-12.79 —6.07 534 76.79

Note: The FROM index and the TO index are both directional spillover indices. The FROM index represents the
intensity of risk spillover from other variables within the system, while the TO index represents the intensity of
risk spillover to other variables within the system. The NET index is the net risk spillover index, which measures
the net effect of risk spillover to other variables within the system. When its value is positive, it indicates that
the intensity of risk spillover to other variables within the system is greater than the degree to which they are
influenced by the risk spillover from other variables within the system; when its value is negative, it indicates
that the intensity of risk spillover to other variables within the system is less than the degree to which they are
influenced by the risk spillover from other variables within the system.

3.1.2. Frequency-Domain Static Spillover

The frequency domain is divided into high frequency, medium frequency and
low frequency to measure spillover effects across short-term (1-15 days), medium-term
(15-60 days) and long-term (over 60 days) horizons. The selection of these specific fre-
quency bands follows the standard wavelet decomposition practices in financial econo-
metrics, allowing us to isolate the distinct investment behaviors of heterogeneous agents:
high-frequency components typically capture the reactions of short-term speculators and
noise traders, while low-frequency components reflect the fundamental valuation and long-
term strategic positioning of institutional investors. The full-sample frequency-domain
static spillover results are shown in Table 3.
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Table 3. Full-sample frequency-domain spillover index.
DL GT JC YS SH HG 7z HK Al NEW FROM
Short-term (1-15 days)
DL 27.7 9.39 4.04 7.32 9.48 8.90 7.47 5.79 5.81 7.76 65.95
GT 7.94 20.46 6.00 11.44 11.24 10.29 8.01 5.15 511 6.94 7212
JC 5.85 9.64 33.52 6.26 10.13 7.66 8.02 3.27 4.10 4.80 59.72
YS 6.12 10.53 3.90 18.52 11.62 11.83 7.66 6.12 6.15 10.00 73.93
SH 7.04 9.40 5.53 10.39 16.47 14.21 8.34 571 6.21 9.36 76.19
HG 6.37 8.13 4.05 9.94 13.33 15.44 9.05 6.98 8.09 11.03 76.96
77 6.54 7.96 522 7.96 9.84 11.32 20.71 6.23 8.46 8.13 71.66
HK 6.09 6.04 2.53 7.61 7.86 10.39 7.38 24.18 10.45 9.81 68.15
Al 5.58 5.51 2.81 7.04 7.82 11.01 9.23 9.74 23.20 10.89 69.63
NEW 6.43 6.46 2.90 10.08 10.50 13.16 7.70 7.81 9.36 18.92 74.40
TO 57.97 73.06 36.97 78.03 91.82 98.77 72.85 56.80 63.72 78.72 708.71
NET —-798 094 —-22.75 4.10 15.63 21.81 1.19 —-11.35 —5.91 4.32 70.87
Medium-term (15-60 days)
DL 1.73 0.58 0.29 0.48 0.62 0.59 0.45 0.36 0.38 0.50 425
GT 0.54 1.37 0.46 0.80 0.80 0.74 0.50 0.34 0.33 0.48 4.99
JC 0.33 0.61 2.26 0.40 0.67 0.46 0.44 0.17 0.21 0.24 3.54
YS 0.43 0.72 0.32 1.26 0.83 0.84 0.50 0.42 0.44 0.72 521
SH 0.45 0.62 0.46 0.73 1.15 0.99 0.51 0.36 0.40 0.64 5.14
HG 0.42 0.55 0.34 0.71 0.96 1.12 0.59 0.46 0.56 0.80 5.40
77 0.45 0.53 0.43 0.58 0.75 0.85 1.37 0.44 0.58 0.58 5.17
HK 0.41 0.42 0.21 0.55 0.57 0.77 0.51 1.62 0.75 0.76 4.96
Al 0.37 0.34 0.21 0.47 0.52 0.74 0.60 0.62 1.54 0.75 4.60
NEW 0.38 0.35 0.21 0.59 0.65 0.81 0.46 0.45 0.61 1.21 4.51
TO 3.77 4.71 2.93 5.31 6.37 6.79 4.56 3.61 4.25 5.46 47.77
NET —0.48 —-0.27 —0.61 0.10 1.23 1.39 —0.62 —1.35 —-035 095 4.78
Long-term (over 60 days)

DL 0.29 0.10 0.05 0.08 0.10 0.10 0.07 0.06 0.06 0.08 0.71
GT 0.09 0.23 0.08 0.13 0.13 0.12 0.08 0.06 0.05 0.08 0.83
JC 0.05 0.10 0.38 0.07 0.11 0.08 0.07 0.03 0.04 0.04 0.59
YS 0.07 0.12 0.05 0.21 0.14 0.14 0.08 0.07 0.07 0.12 0.87
SH 0.07 0.10 0.08 0.12 0.19 0.17 0.08 0.06 0.07 0.11 0.86
HG 0.07 0.09 0.06 0.12 0.16 0.19 0.10 0.08 0.09 0.13 0.90
4 0.07 0.09 0.07 0.10 0.12 0.14 0.23 0.07 0.10 0.10 0.86
HK 0.07 0.07 0.04 0.09 0.10 0.13 0.08 0.27 0.12 0.13 0.83
Al 0.06 0.06 0.04 0.08 0.09 0.12 0.10 0.10 0.26 0.12 0.77
NEW 0.06 0.06 0.04 0.10 0.11 0.14 0.08 0.08 0.10 0.20 0.75
TO 0.63 0.79 0.49 0.89 1.06 1.13 0.76 0.60 0.71 091 7.96
NET —0.08 —0.05 —-0.10 0.02 0.21 0.23 —0.10 —0.23 —0.06 0.16 0.80

Note: The FROM index and the TO index are both directional spillover indices. The FROM index represents the
intensity of risk spillover from other variables within the system, while the TO index represents the intensity of
risk spillover to other variables within the system. The NET index is the net risk spillover index, which measures
the net effect of risk spillover to other variables within the system. When its value is positive, it indicates that
the intensity of risk spillover to other variables within the system is greater than the degree to which they are
influenced by the risk spillover from other variables within the system; when its value is negative, it indicates
that the intensity of risk spillover to other variables within the system is less than the degree to which they are
influenced by the risk spillover from other variables within the system.

Overall, the short-term spillover index is 70.87%, which is remarkably higher than
the medium-term index of 4.68% and the long-term index of 0.80%. This reveals that the
overall time-domain spillover effect is mainly driven by short-term risk transmission. The
dominance of short-term spillovers suggests that the market is currently dominated by
high-frequency trading activities and reactive sentiment, leading to rapid but often transient
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volatility clustering. In the short-term time domain and frequency domain, industries such
as steel (GT), non-ferrous metals (YS), petrochemicals (SH), chemicals (HG), papermaking
(ZZ), and new energy industries (NEW) all act as transmitters of spillover effects, while
power (DL), building materials (JC), aerospace (HG), and artificial intelligence industries (Al)
are the recipients of spillover effects. In the medium-term and long-term frequency domain
spillovers, the roles of spillover effects have changed. Steel (GT) and the papermaking
industry (ZZ) have shifted from being spillover effect transmitters to receivers. This change
reminds investors that they need to adjust their investment portfolios according to the
time scale. In medium-term and long-term investments, the steel (GT) and papermaking
industries (ZZ) may need to consider more hedging strategies for external risks.

3.2. Dynamic Spillover Effect Analysis
3.2.1. Dynamic Total Spillover

Static spillover analysis can preliminarily identify the transmission direction and
intensity of risk spillovers across industries, but it cannot capture the time-varying evolution
characteristics of cross-industry spillover linkages. To address this limitation, this paper
adopts the rolling window method to investigate the time-varying rules of multi-industry
risk spillovers. The rolling window length is set as 20 months based on a trade-off between
achieving sufficient degrees of freedom for estimation and maintaining the sensitivity
to capture rapid structural breaks. Figure 1 illustrates the empirical results of dynamic
spillovers from 4 August 2015 to 6 December 2024 under both time-domain and frequency-
domain perspectives.

80

60

2016 2018 2020 2022 2024

Figure 1. Full-sample frequency-domain spillover index.

Overall, the time-domain spillover level is highly synchronized with the short-term
frequency-domain spillover level, and both are significantly higher than medium-term
and long-term frequency-domain spillovers. The total spillover indices of the time domain
and the short-term frequency domain fluctuate between 50% and 90%, presenting obvious
time-varying features driven by major socioeconomic events.

From 2015 to early 2018, environmental regulations such as the introduction of en-
vironmental protection taxes exerted severe shocks on high-carbon-emission industries.
Meanwhile, the industrialization and commercialization of artificial intelligence remained
immature, and the new energy industry faced mounting market pressure due to subsidy
reduction and intensified competition, leading to a continuous decline in total spillover lev-
els. During 2019-2022, the outbreak of the COVID-19 pandemic exposed the vulnerability
of energy supply chains and aggravated financial market turbulence, which kept the total
spillover index at a high level for a long period. The peak in spillover intensity around 2020
empirically validates the theory that exogenous shocks amplify financial connectedness by
increasing uncertainty and herding behavior among investors. After the effective contain-
ment of the pandemic, the total spillover index declined and reached its lowest point in the
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early stage of 2022. From 2023 to 2024, the total spillover index rebounded moderately. On
the one hand, the rapid development of artificial intelligence and the continuous upgrading
of large language models accelerated industrial integration and generated strong positive
spillover effects. On the other hand, bulk commodity prices dropped sharply in the first
half of 2023, causing a more than 10% profit decline in coal, petrochemical and non-ferrous
metal sectors. The real estate downturn suppressed market demand, resulting in weak
growth and substantial profit losses exceeding 8% and 50% in the building materials and
steel industries, respectively. In addition, stricter environmental regulations increased
emission constraints and compliance costs for high-carbon industries, further intensifying
their risk spillover. The above evidence confirms that the total spillover index among
artificial intelligence, new energy and high-carbon industries is highly sensitive to major
socioeconomic shocks, and systemic spillover risks will rise sharply amid extreme events.

3.2.2. Directional Spillover

To explore the dynamic role of each individual industry within the cross-sector
spillover system, this paper constructs time-varying net spillover trajectories for all sectors
based on the time-frequency framework, as shown in Figure 2.
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Figure 2. Net spillover index of individual industries.
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A positive net spillover value indicates that one industry’s outward spillover exceeds
its incoming spillover, while a negative value means the industry is a net risk recipient. In
general, the time-domain and short-term frequency-domain net spillovers of each industry
experience dramatic fluctuations. The building materials (JC) and chemical (HG) indus-
tries consistently act as major spillover transmitters, whereas the iron and steel (GT) and
aerospace (HK) industries serve as stable spillover receivers throughout the sample period.

The intensity of industrial net spillover is highly susceptible to major socioeconomic
shocks. For instance, industrial economic activities shrank during the COVID-19 pandemic
from 2019 to 2022, which intensified the volatility of net spillover. Notably, the artificial
intelligence (AI) sector exhibits a unique pattern: while it generally acts as a net receiver, its
net spillover value turns slightly positive during the 20232024 Al boom, suggesting that
technological breakthroughs can temporarily transform Al from a passive absorber into
an active driver of market volatility. In contrast, medium-term and long-term frequency-
domain net spillovers remain relatively stable, with slower cross-industry risk transmission.

3.3. Spillover Network Analysis

To further explore the dynamic correlation and topological characteristics of cross-
industry linkages, this paper constructs a multi-dimensional spillover network based on
complex network theory and systematically clarifies the risk transmission mechanism
across artificial intelligence, new energy and high-carbon-emission industries. With time—
frequency decomposition, the spillover network is divided into time-domain and frequency-
domain dimensions.

Figure 3 visually depicts the heterogeneous risk spillover characteristics across dif-
ferent time scales and frequency bands. In the spillover network diagram, node size
represents the out-degree of each industry, line thickness reflects spillover intensity, and ar-
rows indicate the direction of risk transmission. The topological structures of time-domain
and short-term frequency-domain networks are highly consistent, while medium-term
and long-term frequency-domain networks share similar features. Meanwhile, industrial
connectivity is stronger in time-domain and short-term frequency-domain scenarios. Re-
gardless of time or frequency dimension, chemical, petrochemical, non-ferrous metal and
new energy industries occupy the core position of risk spillover. In the medium- and
long-frequency domains, steel and papermaking industries shift from spillover transmitters
to risk receivers. Furthermore, the artificial intelligence industry functions as a critical hub
node in the overall spillover network. It not only influences new energy and high-carbon
industries through technology spillover, but also receives risk spillovers from other sec-
tors. In the long run, the artificial intelligence industry plays a vital role in promoting the
low-carbon transformation of high-carbon industries and optimizing the national energy
structure. The centrality of the Al node underscores its dual role: it is not merely a passive
technology sector but an active mediator that modulates the risk transmission between
traditional high-carbon industries and the new energy sector. This structural position
makes it a pivotal target for both risk management and policy intervention.

3.4. Robustness Check

This paper adopts three methods, including changing forecast horizons, adjusting lag
orders and rearranging variable sequences, to verify the robustness of the cross-industry
risk spillover mechanism. First, this study recalculates time-domain and frequency-domain
static spillover indices with a 150-period forecast horizon. The results in Tables 4 and 5 are
highly consistent with the baseline results based on a 100-period forecast, which verifies
the robustness against alternative forecast settings. Second, dynamic spillover indices
are re-estimated with a lag order of 2 and rearranged variable sequences. The outcomes
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in Figures 4 and 5 are consistent with the original results, confirming that the empirical

conclusions are not affected by lag specification and variable order.

PN
Al

Time-domain

Figure 3. Time-domain and frequency-domain spillover network.

Table 4. Full-sample time-domain static spillover index.

Medium-term (15-60 days)

Long-term (over 60 days)

DL GT JC YS SH HG 77 HK Al NEW FROM
DL 28.65 10.10 4.48 7.97 10.21 9.58 8.01 6.27 6.34 8.38 71.35
GT 8.63 21.77 6.59 12.34 12.10 11.12 8.60 5.65 5.61 7.57 78.23
JC 6.42 10.39 35.37 6.84 10.98 8.25 8.52 3.60 443 5.20 64.63
YS 6.76 11.34 4.38 19.68 12.53 12.76 8.27 6.70 6.78 10.81 80.32
SH 7.68 10.12 6.15 11.22 17.61 15.23 8.92 6.21 6.76 10.10 82.39
HG 6.97 8.80 4.50 10.77 14.35 16.58 9.74 7.57 8.80 11.92 83.42
77 7.15 8.60 5.73 8.66 10.69 12.26 22.05 6.81 9.19 8.85 77.95
HK 6.67 6.63 2.87 8.34 8.60 11.28 8.02 25.61 11.28 10.70 74.39
Al 6.14 6.00 3.12 7.68 8.48 11.84 9.95 10.42 24.66 11.71 75.34
NEW 7.00 6.95 3.23 10.75 11.23 14.02 8.29 8.37 10.07 20.10 79.90
TO 63.41 78.94 41.05 84.57 99.18 106.33  78.32 61.60 69.27 85.24 767.92
NET =795 0.70 —23.57 4.25 16.81 22.90 0.38 -1279 —6.07 534 76.79

Note: The FROM index and the TO index are both directional spillover indices. The FROM index represents the
intensity of risk spillover from other variables within the system, while the TO index represents the intensity of
risk spillover to other variables within the system. The NET index is the net risk spillover index, which measures
the net effect of risk spillover to other variables within the system. When its value is positive, it indicates that
the intensity of risk spillover to other variables within the system is greater than the degree to which they are
influenced by the risk spillover from other variables within the system; when its value is negative, it indicates
that the intensity of risk spillover to other variables within the system is less than the degree to which they are
influenced by the risk spillover from other variables within the system.
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Table 5. Full-sample frequency-domain static spillover index.
DL GT JC YS SH HG 7z HK Al NEW FROM
Short-term (1-15 days)
DL 27.35 9.49 4.08 7.40 9.58 8.99 7.54 5.85 5.87 7.84 66.65
GT 8.03 20.69 6.08 11.57 11.37 10.41 8.09 521 5.16 6.02 72.94
JC 591 9.74 33.89 6.32 10.24 7.73 8.09 3.30 4.13 4.84 60.29
YS 6.19 10.65 3.95 18.72 11.75 11.97 7.74 6.19 6.22 10.12 74.78
SH 712 9.50 5.60 10.51 16.66 14.37 8.43 5.77 6.27 9.47 77.03
HG 6.43 8.22 4.10 10.05 13.48 15.62 9.15 7.05 8.18 11.16 77.84
77 6.61 8.04 5.29 8.05 9.96 11.46 20.94 6.30 8.55 8.22 72.50
HK 6.16 6.11 2.56 7.70 7.95 10.52 7.46 24.44 10.57 9.93 68.96
Al 5.64 5.56 2.84 7.12 7.90 11.13 9.33 9.84 23.46 11.02 70.38
NEW 6.50 6.51 293 10.18 10.61 13.30 7.77 7.88 9.46 19.12 75.14
TO 58.59 73.83 37.45 78.90 92.86 99.88 73.60 57.39 64.42 79.61 716.51
NET -8.06  0.89 —22.85 411 15.83 22.04 1.10 —-11.57 597 447 71.65
Medium-term (15-60 days)
DL 1.16 0.39 0.20 0.32 0.41 0.39 0.30 0.24 0.25 0.33 2.84
GT 0.36 0.91 0.31 0.54 0.54 0.49 0.34 0.23 0.22 0.32 3.34
JC 0.22 0.41 1.51 0.27 0.45 0.31 0.29 0.12 0.14 0.16 237
YS 0.29 0.48 0.21 0.84 0.55 0.56 0.33 0.28 0.29 0.48 3.49
SH 0.30 0.41 0.31 0.49 0.77 0.66 0.34 0.24 0.27 0.43 3.44
HG 0.28 0.37 0.23 0.48 0.64 0.75 0.40 0.31 0.38 0.53 3.61
77 0.30 0.35 0.28 0.39 0.50 0.57 091 0.29 0.39 0.39 3.46
HK 0.27 0.28 0.14 0.37 0.38 0.52 0.34 1.08 0.50 0.51 3.32
Al 0.25 0.22 0.14 0.32 0.35 0.49 0.40 0.41 1.03 0.50 3.08
NEW 0.26 0.24 0.14 0.39 0.43 0.54 0.31 0.30 0.41 0.81 3.02
TO 2.52 3.15 1.96 3.55 4.26 4.54 3.05 241 2.85 3.65 31.95
NET —-0.32 —0.18 —0.41 0.06 0.82 0.93 —0.41 —0.90 —-023 0.64 3.19
Long-term (over 60 days)

DL 0.58 0.20 0.10 0.16 0.21 0.20 0.15 0.12 0.13 0.17 1.42
GT 0.18 0.46 0.15 0.27 0.27 0.25 0.17 0.11 0.11 0.16 1.67
JC 0.11 0.20 0.76 0.13 0.22 0.16 0.15 0.06 0.07 0.08 1.18
YS 0.14 0.24 0.11 0.42 0.28 0.28 0.17 0.14 0.15 0.24 1.74
SH 0.15 0.21 0.15 0.24 0.39 0.33 0.17 0.12 0.13 0.21 1.72
HG 0.14 0.18 0.11 0.24 0.32 0.37 0.20 0.16 0.19 0.27 1.81
4 0.15 0.18 0.14 0.19 0.25 0.29 0.46 0.15 0.19 0.19 1.73
HK 0.14 0.14 0.07 0.18 0.19 0.26 0.17 0.54 0.25 0.25 1.66
Al 0.12 0.11 0.07 0.16 0.17 0.25 0.20 0.21 0.51 0.25 1.54
NEW 0.13 0.12 0.07 0.20 0.22 0.27 0.15 0.15 0.20 0.41 1.51
TO 1.26 1.58 0.98 1.78 2.13 227 1.52 1.21 1.42 1.83 15.98
NET —0.16 —0.09 —-020 0.03 0.41 0.47 —0.21 —0.45 -012 032 1.60

Note: The FROM index and the TO index are both directional spillover indices. The FROM index represents the
intensity of risk spillover from other variables within the system, while the TO index represents the intensity of
risk spillover to other variables within the system. The NET index is the net risk spillover index, which measures
the net effect of risk spillover to other variables within the system. When its value is positive, it indicates that
the intensity of risk spillover to other variables within the system is greater than the degree to which they are
influenced by the risk spillover from other variables within the system; when its value is negative, it indicates
that the intensity of risk spillover to other variables within the system is less than the degree to which they are
influenced by the risk spillover from other variables within the system.
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Figure 4. Robustness test (alternative lag order).
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Figure 5. Robustness test (rearranged variable order).

3.5. Portfolio Hedging and Optimization Analysis

To provide actionable insights for investors, this section evaluates three distinct port-
folio strategies: the minimum variance portfolio (MVP), the minimum correlation portfolio
(MCP), and the minimum connectivity portfolio (MCoP), as reported in Figure 6. These
strategies correspond to different investor risk profiles: the MVP is suitable for risk-averse
investors focusing solely on volatility reduction; the MCP is designed for investors who
prioritize reducing exposure to systemic risk spillovers (i.e., avoiding assets that are major
shock transmitters); and the MCoP is optimal for investors seeking to maximize diversifica-
tion benefits by considering both variance and spillover connectivity.
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Figure 6. Cumulative returns of different portfolio strategies.
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As reported in Table 6, for the MVP strategy, power and petrochemical stocks account
for a large portfolio weight exceeding 0.3, while their hedging effectiveness (HE) is lower
than 0.3. This indicates that while traditional variance-based optimization allocates heavy
weights to these low-volatility but high-spillover assets, it fails to adequately protect against
systemic shocks. By comparison, aerospace, artificial intelligence and non-ferrous metal
stocks present excellent hedging performance with HE values above 0.6. However, their
portfolio weights are less than 0.1, which restricts their risk diversification capacity and
weakens the overall hedging effect.

Table 6. Portfolio hedging results and hedging effectiveness.

MVP MCP MCoP
Mean HE Mean HE Mean HE
DL 0.42 0.14 0.10 —0.24 0.09 —0.25
GT 0.3 0.48 0.05 0.25 0.05 0.25
JC 0.3 0.59 0.23 0.40 0.19 0.40
YS 0.1 0.60 0.10 0.43 0.10 0.42
SH 0.32 0.29 0.06 —0.02 0.11 —0.02
HG 0.01 0.45 0.01 0.21 0.01 0.20
77 0.08 0.45 0.08 0.21 0.09 0.21
HK 0.02 0.68 0.15 0.54 0.13 0.54
Al 0.06 0.64 0.14 0.48 0.14 0.47
NEW 0.02 0.59 0.10 0.41 0.09 0.41

Note: Mean denotes the average portfolio weight over the sample period. HE stands for hedging effective-
ness, which measures the efficacy of a hedging strategy in reducing risk, with a higher value indicating better
hedging performance.

In the context of Equation (32), the unhedged portfolio refers to a naive benchmark
where an investor holds the risky asset (e.g., a specific industry index) without any offsetting
position in the spillover network. The hedged portfolio represents the optimized allocation
that minimizes either variance (MVP) or connectedness (MCP/MCoP). The HE metric thus
quantifies the percentage reduction in portfolio variance achieved by moving from the
naive strategy to the optimized strategy.

Notably, the MCP and MCoP strategies show similar weight distribution patterns.
Building materials, artificial intelligence and aerospace stocks occupy considerable portfolio
weights (above 0.1) and maintain favorable hedging effectiveness (above 0.4), demonstrat-
ing outstanding risk diversification value. This allocation aligns with our network findings:
these assets are net receivers (shock absorbers), making them ideal hedges against the
systemic volatility transmitted by core transmitter industries like petrochemicals and chem-
icals. In terms of cumulative portfolio returns, the MCoP strategy outperforms the other
two strategies in most sample periods, highlighting its unique advantages in risk manage-
ment. Combined with the previous finding that building materials, artificial intelligence
and aerospace are net spillover receivers, these three assets can be regarded as effective
risk diversification tools for investors. Overall, the minimum connectivity portfolio is the
optimal choice for investors to achieve a reasonable trade-off between risk and return.

4. Discussion

This section systematically interprets the core empirical findings of this study, clarifies
the theoretical consistency and differential insights relative to the existing literature, and
elaborates on how the present results confirm, supplement, and extend prior research on
industrial risk spillover, Al low-carbon governance, and energy financial portfolio optimiza-
tion. Unlike result-oriented empirical analysis, this discussion focuses on the theoretical
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logic behind time—frequency spillover heterogeneity, industrial role differentiation, and
portfolio strategy superiority, bridging the research gaps identified in the literature review.

First, this study’s finding of short-term-dominated risk spillover and significant time-
varying characteristics across Al, new energy, and high-carbon industries aligns with the
mainstream consensus of existing time—frequency spillover research while providing tar-
geted supplementation to industrial heterogeneity research. Prior studies have verified
that risk spillovers in energy and carbon markets exhibit obvious short-term volatility
and event-driven characteristics, with major socioeconomic shocks such as public health
crises and policy adjustments significantly reshaping cross-industry risk transmission
patterns [9,35]. Consistent with these studies, this paper confirms that the total spillover
linkage of the three-sector system is highly sensitive to exogenous shocks, with spillover
intensity surging during the COVID-19 pandemic and Al industrial boom periods, which
further validates the nonlinear and time-varying nature of industrial risk connectedness
proposed in energy financial research. However, most of the existing literature focuses on
pairwise spillovers between carbon markets and high-carbon industries or between new
energy and traditional energy sectors [10,12], while neglecting the systematic linkage mech-
anism incorporating digital technology sectors. Different from the single or dual research
framework of previous studies, this paper finds that short-term speculative sentiment and
high-frequency market trading are the dominant drivers of systemic risk spillover in the
Al-new energy-high-carbon industrial system, whereas long-term fundamental industrial
coordination presents stable and weak spillover characteristics. This conclusion comple-
ments the frequency-domain heterogeneity theory of industrial risk contagion and explains
why cross-industry systemic risks in the digital energy transition era are concentrated in
short-term market fluctuations rather than long-term industrial structural evolution.

Second, the differentiated spillover roles of high-carbon industries and the dual net-
work function of the Al industry revise and refine the cognitive bias in existing Al-carbon
interaction research. Existing studies on Al and carbon emissions mainly focus on the linear
or inverted U-shaped technological empowerment effect of Al on energy conservation and
emission reduction [18,19], while rarely discussing the financial risk spillover attributes of
the Al industry in the industrial systemic network. In line with the industrial risk transmis-
sion law summarized by Ouyang et al. [10], this study confirms that traditional high-carbon
industries represented by chemical and petrochemical sectors are the core spillover trans-
mitters in the industrial system, acting as the main source of systemic volatility. Meanwhile,
consistent with the findings of Liu et al. [18] on the stage-dependent impact of Al, this
paper further expands the research boundary from technological carbon reduction effects
to financial risk spillover effects. The results reveal that the Al industry is generally a net
receiver of systemic risks and serves as a critical hub node for cross-industry risk transmis-
sion, with a temporary shift to a risk transmitter during technological breakthrough cycles.
This finding corrects the one-sided understanding in the existing literature that regards
Al only as a low-carbon technological empowerment tool. It demonstrates that Al has a
dual attribute of “risk absorber in stable periods and risk amplifier in technological boom
periods” in the industrial financial system, enriching the multi-dimensional theoretical
framework of Al's impact on energy and high-carbon industrial systems.

Third, the dynamic role reversal of heavy industries across different frequency do-
mains supplements the research on heterogeneous risk responses of high-carbon industries.
Previous spillover studies mostly adopt static time-domain analysis and fail to capture
the frequency-dependent role changes in industrial subjects [31,32], resulting in one-sided
conclusions about industrial risk attributes. This paper finds that steel and papermak-
ing industries act as major short-term risk transmitters driven by market sentiment and
speculative shocks, but transform into passive risk receivers in medium- and long-term
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cycles dominated by economic fundamentals and industrial policies. This heterogeneous
time—frequency characteristic explains the inconsistent conclusions in existing single-cycle
research on high-carbon industrial spillovers. It also verifies the view of Dogan et al. [12]
that external shocks produce asymmetric spillover effects on energy and high-carbon in-
dustries, further refining the differential risk transmission mechanism of traditional heavy
industries under different investment horizons and economic cycle conditions.

Fourth, the superiority of the minimum connectivity portfolio (MCoP) in risk-return
balance extends the applied research of spillover network theory in green financial asset
allocation. Existing portfolio optimization studies mostly focus on traditional energy and
financial asset portfolios [38,39], and the application of minimum connectedness portfolio
strategies is limited to green bond and single energy market scenarios [44], lacking targeted
exploration for the Al-new energy-high-carbon industrial system. Consistent with the risk
diversification logic of network connectedness theory, this study confirms that compared
with traditional MVP and MCP strategies that only focus on volatility or correlation,
the MCoP strategy fully incorporates the systemic spillover linkage characteristics of the
industrial network. By allocating weights to net risk-receiving industries such as Al and
building materials, MCoP effectively hedges cross-industry systemic risks and achieves
superior risk-return performance. This conclusion verifies the applicability of the minimum
connectedness portfolio framework in multi-industry green financial markets, fills the gap
of targeted portfolio strategy design in the digital energy transition system, and provides
empirical support for the view that network connectivity indicators are more effective than
single volatility indicators in measuring systemic risks and guiding asset allocation [41].

In summary, on the basis of confirming the basic laws of industrial risk spillover and
Al low-carbon transformation in the existing literature, this paper expands the research
framework from pairwise industrial correlation to tripartite systematic linkage, extends
the research perspective from single time-domain analysis to time—frequency heteroge-
neous analysis, and upgrades the research application from pure mechanism analysis to
financial portfolio optimization. The core findings reconcile the inconsistent frequency-
domain spillover conclusions in previous studies, revise the one-sided cognition of Al's
industrial attributes, and provide systematic theoretical and empirical supplements for
risk prevention and investment decision-making in the process of digital and green indus-
trial transformation.

5. Conclusions

Based on the daily stock return data of the artificial intelligence, new energy, and high-
carbon-emission industries from 4 August 2015 to 6 December 2024, this paper constructs
the TVP-VAR-DY and TVP-VAR-BK spillover index models to measure the time-varying
spillover effects among the three sectors from time-domain and frequency-domain perspec-
tives. On this basis, the complex network method is adopted to establish a risk spillover
network and explore its structural characteristics. Finally, three hedging and portfolio
strategies are compared and analyzed, aiming to provide reliable references for investors’
asset management. The main research conclusions are summarized as follows.

First, significant static spillover effects exist across artificial intelligence, new energy
and high-carbon-emission industries, with obvious differences in magnitude and intensity
across diverse frequency domains. The short-term spillover is stronger than the medium-
term spillover, while the long-term spillover remains the weakest. Both in the time domain
and frequency domain, the new energy industry, together with non-ferrous metal, petro-
chemical and chemical sectors within high-carbon industries, act as spillover transmitters.
By contrast, the artificial intelligence industry, as well as the power, building materials
and aerospace industries, serves as a net spillover recipient. This finding regarding the Al
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industry is particularly noteworthy, as it contrasts with the technology driver narrative
often assumed in the literature, positioning Al more as a financial absorber of shocks from
energy and carbon-intensive sectors in the short run. The conclusion remains valid after
the robustness test by replacing the forecast horizon.

Second, the dynamic spillovers among the three sectors present obvious time-varying
characteristics, which are significantly driven by major socioeconomic events, including
environmental policy implementation, the COVID-19 pandemic and technological innova-
tion. The chemical industry is the largest spillover exporter across all time and frequency
dimensions, and the building materials industry is the most vulnerable spillover receiver.
The empirical findings are robust after adjusting the lag order and variable sequence.

Third, the spillover network structure in the time domain is highly consistent with
that in the short-term frequency domain, and the medium-term and long-term network
characteristics are also similar. Notably, the steel and papermaking industries shift from
spillover transmitters to recipients in the medium and long run. Overall, the artificial
intelligence industry functions as a core node in the risk spillover network. This centrality,
combined with its role as a net receiver, highlights the interconnectedness of the tech and
energy sectors, suggesting that financial risks originating in carbon-intensive industries
can rapidly migrate to the Al sector. Identifying key nodes and vulnerable links within the
network provides a scientific basis for cross-industry risk prevention and control.

Fourth, the portfolio optimization and hedging results indicate that the minimum
connectivity portfolio (MCoP) realizes balanced weight allocation among different assets.
Considering hedging effectiveness and cumulative returns simultaneously, the MCoP
strategy may be the best choice for investors to balance risk and return.

According to the above conclusions, the following suggestions are proposed. It is
important to note that since the empirical analysis is based on daily stock market data, the
implications are primarily financial and investment-oriented.

For financial regulators and policymakers, the findings suggest that while stock market
linkages reflect investor sentiment and financial risk contagion, they may not directly
translate to real economic shocks. Therefore, industrial policies should be formulated based
on real economic data rather than solely on financial market correlations. However, from
a financial stability perspective, regulators should monitor the spillover effects identified
in this study as early warning signals. Specifically, the critical linkage role of the artificial
intelligence industry in the financial network implies that it is vulnerable to shocks from
energy and carbon-intensive sectors. Regulators should establish cross-sector financial risk
monitoring mechanisms to prevent the transmission of financial crises, rather than focusing
on production-level industrial coordination.

For investors and market participants, the results provide actionable insights for
portfolio management. Investors should track market dynamics and major socioeconomic
events and fully understand the inherent laws of industrial risk spillovers. Investment
decisions should focus on industries with high short-term spillover while taking medium
and long-term investment objectives into consideration. Investors are recommended to
measure the correlation and volatility spillover between assets rationally, increase the
allocation weight of defensive sectors such as artificial intelligence, building materials and
aerospace, and adopt the MCoP strategy to disperse risks and mitigate the adverse impacts
of market shocks on overall portfolios.
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