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Abstract: Intensifying geopolitical tensions have recently amplified fluctuations in global crude
oil prices, where abrupt price jumps often transmit complex spillovers across energy markets.
This paper investigates the asymmetric, heterogeneous, and lagged impacts of oil price jump
shocks on China’s new energy industry at both aggregate and sub-industry levels spanning
the full upstream-midstream-downstream industrial chain. Using an ARMA-EGARCH-ARJI
framework, global oil price dynamics are modeled to capture volatility clustering and discrete
jumps, while expected/unexpected and lag structures are applied to examine asymmetric and
delayed responses. The results reveal a unique asymmetric pattern of dual inhibition/promotion:
both expected increases and decreases in oil prices suppress new energy returns, whereas
unexpected jumps stimulate the sector. The effects are heterogeneous across sub-industries, with
upstream sectors showing weaker sensitivity to anticipated shocks. Moreover, the influence of
oil price jumps unfolds with notable time lags. These findings underscore the structural tensions
between market-oriented energy transformation and policy inertia, offering implications to
enhance the resilience and efficiency of China’s new energy transition.

Keywords: oil price, new energy industry chain, dynamic jumps, asymmetric effect

1 Introduction

The sharp fluctuations in international oil prices have a profound impact on the development
of China’s new energy industry, especially in the context of the global energy landscape shifting
to low-carbon solutions. China is the world’s largest energy consumer and crude oil importer.
Due to its high dependence on foreign oil, which has reached 71.9% in 2024, it is particularly
sensitive to oil price fluctuations. At the same time, China is actively fulfilling its commitment
to carbon peak and carbon neutrality, promoting the rapid development of new energy fields.
Under the dual pressure of energy security concerns and carbon emission reduction targets,
the relationship between oil price trends and new energy development has become the core of
China’s energy strategy. Oil price fluctuations affect the competitiveness of new energy through
channels such as cost transmission and market substitution, and then affect the investment
decisions and policy responses of the entire industry.

Existing studies, even those emphasizing oil price jumps [1-7], mostly focus on conventional
gradual volatility rather than discrete shocks’ dynamics. By contrast, this research centers
on “time-varying jumps —abrupt, substantial oil price shifts driven by geopolitical conflicts,
extreme weather-induced supply disruptions or financial market speculation. Unlike static oil
price jumps in prior research, these time-varying jumps capture dynamic shock evolution and
exert strong instantaneous spillover effects, rapidly reshaping new energy projects’ cost-benefit
structures and investment risks. A key innovation lies in decomposing time-varying jumps
into expected and unexpected components. Expected jumps include pre-announced OPEC+
production cuts while unexpected jumps encompass sudden geopolitical outbreaks, marking
a departure from prior studies that treat jumps as homogeneous. By systematically exploring
their heterogeneous transmission paths and lagged effects, this research clarifies nonlinear,
asymmetric shock mechanisms.

In addition, this study also differs from prior research by analyzing the full new energy
industrial chain spanning production, storage, and consumption, covering six sub-sectors
with distinct operational characteristics. Each link shows unique technical, market and policy
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characteristics: upstream production includes solar photovoltaic (SP), wind power (WP), nuclear
power (NP) and hydropower (HP) is heavily dependent on technological innovation and cost
reduction. Midstream storage is represented by lithium batteries (LB), tied to the prices of
key materials such as lithium and cobalt. Downstream consumption focuses on new energy
vehicles, responsive to oil-electricity price ratios and charging infrastructure coverage. This
comprehensive scope addresses a key limitation of existing studies such as Deng and Xu
(2024) [8] and Su and He (2025) [9], which often focus on partial sub-sectors or omit critical
links like hydropower and lithium batteries. By capturing heterogeneous responses across the
entire chain, this research clarifies how oil price jumps transmit through China’s new energy
system.

This paper focus on the time-varying fluctuations of international oil prices and the het-
erogeneous impact of China’s new energy industry chain. In addition, this paper conducts a
comparative analysis of the different components of the oil price jump shock, and considers not
only the lag effect but also the asymmetric effect in the investigation of the oil price shock on
the new energy industry. This comprehensive approach expands new perspectives on oil price
shocks and the new energy industry, providing strategic insights for the sustainable and high-
quality development of China’s new energy industry under the current context of international
market uncertainty.

2 Literature review

The volatility of oil markets, particularly the phenomenon of price jump behavior, has
attracted widespread interest due to its critical implications for global economic stability and
energy policy design. In this research field, there are two main streams of research: the
first focuses on the intrinsic characteristics and driving factors of oil price increases, while the
second examines their asymmetric and time-varying spillover effects in macroeconomic systems,
industrial sectors, and energy transition paths. This dual focus highlights the multifaceted
nature of oil price shocks, where sudden price fluctuations not only reflect the dynamics of
specific markets, but also propagate systemic risks that will reshape economic outcomes and
decarbonization trajectories differently.

In recent years, the sharp fluctuations in international oil prices have had a significant impact
on the global economy. Especially in the context of frequent oil crises, the high-intensity
jump characteristics of oil prices have attracted widespread attention [10]. Unlike conventional
fluctuations, oil prices are driven by factors such as geopolitical conflicts, market supply and
demand imbalances, and financial speculation, showing sudden and extreme fluctuations, which
significantly affect market volatility [3,6]. Empirical studies have confirmed the existence of
these jumps and emphasized their significant contribution to price fluctuations [1,2,4,5,7].
To better capture these dynamic changes, scholars have developed various analytical methods,
providing fundamental tools for identifying jumps in price series. These include the Stochastic
Volatility with Jumps (SVCJ) model [11, 12], the volatility matrix method, and the GMM
estimator [11,12], among others. At the same time, heteroskedasticity [13], conditional jumps
and time-varying volatility in time series have also been paid attention to [14, 15]. These studies
together emphasize the necessity of considering time-varying jumps in the dynamic modeling
of oil prices in order to better understand market risks and economic impacts.

Early studies focused on the impact of oil price fluctuations on macroeconomic performance,
and the results showed significant multifaceted and time-varying effects. The negative impact of
oil price shocks on China’s economic growth and inflation is more significant [16]. Advanced
economies that benefit from energy substitution, strategic reserves, and efficiency policies are
more resilient to oil price fluctuations, while emerging economies such as China are more
vulnerable [17]. The nature of oil price shocks is also crucial; political events driving supply
shocks have direct effects on China’s output and inflation, while specific demand shocks
contribute more to long-term effects [18]. Global financial uncertainty amplifies these effects,
leading to divergence in monetary policy between BRICS oil importers and oil exporters [19].
In China, the impact of oil price fluctuations on inflation and output varies over time, reflecting
the changing focus of monetary policy [20]. Moreover, regional and resource endowments
further exacerbate the impact of oil prices, with European and Central Asian economies highly
dependent on oil exports, while East Asian economies face exchange rate pressures from non-oil
exports [21].

At the industry level, in addition to directly affecting cost fluctuations, rising oil prices can
disrupt production and demand in oil-intensive industries such as petrochemicals and metal
manufacturing [22] and trigger a chain reaction of price increases across industries. Oil effects
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on stock market are minimal for most sectors, except manufacturing and specific oil companies,
whose prices may be depressed [23]. Agricultural commodity impacts are asymmetric, with
only natural rubber significantly affected by oil price jumps [24]. Quantile analysis shows
transportation negatively impacted at lower quantile due to costs , while agriculture faces effects
at more quantiles but negative impacts are more easily offset [25]. In nonferrous metals, shocks
have positive short-term effects on output, inflation, and employment [26]. Oil/gas extraction,
refining, and nuclear fuel sectors experience the largest output/consumption effects, and public
utilities investment is highly sensitive to price changes [27]. Vehicle markets react diversely,
where fuel sales decline with oil prices, while electric vehicle sales generally benefit [28].

Research on the relationship between international oil prices and the new energy industry
focuses on causality, dependence, and volatility spillover effects, extending to asymmetry, short-
and long-term impacts, market structures, and supply-demand shocks. Some studies find linear
Granger causality between oil and new energy [29,30]. Long-term impacts remain debated,
with Managi and Okimoto (2013) [31] noting structural changes post-2007, Bondia et al. (2016)
[32] highlighting short-term effects, and Reboredo et al. (2017) [33] observing strengthened
long-term connections. Dependence studies reveal both positive correlations [34,35] and tail
dependencies [36,37], especially after global crises [38]. Volatility spillover research shows
significant positive spillovers from oil to renewable energy, with asymmetric effects and greater
impacts during oil price declines [34,36,39].

Although the existing literature has made significant progress in understanding the rela-
tionship between international oil prices and the new energy industry, there are still some
significant deficiencies that deserve further exploration. First, there are few studies focusing
on the segmented characteristics of international oil price jumps. Although the existence of oil
price jumps has been widely recognized, few studies have systematically analyzed their size,
direction, expectations, and lags, and further explored how the characteristics of these jump
behaviors affect the spillover mechanism. Second, there is a lack of research on the impact of
oil price fluctuations on China’s segmented new energy industries. Most studies focus on the
overall new energy industry, ignoring the rapidly developing segments. In addition, existing
methods focus on correlation and volatility spillover effects, while the exploration of lag effects
and asymmetric effects is insufficient.

3 Methodology

This study takes the GARCH model as the basic framework and ARJI model is introduced
for the price jump characteristics, forming the composite model ARMA-EGARCH-ARIJI model
for oil price measurement. Further, the oil price shock factor captured by the composite model
is introduced as an external factor into the EGARCH model to construct the ARMA-EGARCH-
expected/unexpected and ARMA-EGARCH-lagged effect model.

3.1 The ARMA-EGARCH-ARJI model

Chan and Maheu (2002) [40] first introduced the jump component into the GARCH model
and established a new conditional jump model (ARJI model) to capture the jump behavior of
the market, which is used to study the jump dynamics in stock market returns. First, the jump
characteristics are extracted from the crude oil yield series as follows:

p q
Tt =,u+z®¢7“t—i+z<,0j€t_j+€t (1)
i=1 =1
€ =e1,tt+ ey 2)

Here, r; denotes the logarithmic return on oil price and ¢; and ; are coefficients of the
ARMA model. The residual, €, is decomposed into smooth fluctuation e; ; and jump fluctuation
€2t

The processing of the smooth fluctuation part ey ; is shown in equation (3). Since a large
number of empirical results show that the volatility of financial asset yield series often has
asymmetric effects [41], the conditional variance follows the EGARCH process:

e1,t = \/Ttet, where g ~ NID(0, 1) 3)
In(zs) = oo + a1 (|et—1| — Elet—1]) + azer—1 + Bln(xs—1) 4

Where a1 (|er—1| — E[et—1]) measures the intensity of the unexpected effect shock. tests
the leverage effect. When a> > 0, the impact of positive shocks (good news) on volatility is
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fre | Ne=n, K1) =

greater than that of negative shocks (bad news). On the contrary, a2 < 0 means that the impact
of negative shocks (bad news) on volatility is greater than that of positive shocks (good news),
and the leverage effect exists. In addition, the condition 8 < 1 needs to be satisfied.

The treatment of the jump volatility part follows the setting of Maheu and McCurdy (2004)
[42]:

est = Jy — E[Up | Ki—1] )
Ny

L= Ju (6)
i—1

Here, the jump amplitude J; ; is normally and independently distributed with mean 6, and
variance 62. And the number of jumps in period f, Ny, is assumed to follow a Poisson process
with non-negative intensity A: under the K;_; information set, where \; follows an AR(1)
process.

After extracting the volatility of crude oil yields, the ARJI model can be modified as follows:
Nt | Kt—l ~ P()\t) (7)
A+ = max (0, Ao + pAe—1 + Yvs—1) ®)

For the unknown parameter jump intensity residual ~;, we use the setting of Maheu and
McCurdy (2004) [42].

Vi1 = B[Ny | K1) — M

d 9
=Y jP(Ne1=j| K1) =XM1, j=0,1,2,... ©)
j=0
According to Bayes’ rule:
f(?“t | Nt:n,thl)P(Nt:n| Kt71) .
P(N:=n| K) = , =0,1,2,... (10
( t | t) P(Tt|Kt—l) J (10)
2
1 (Tt —u— Zﬁ;l Girt—1 — Z?:l Yi€r—1 + O A — n,u)
ex (11
27 (z¢ + no?) P 2 (z¢ + no?)

Finally, model parameters are estimated by maximizing the log-likelihood over the sample
period T

T
L(¥) =Y I[P (re | Ki-1,9)] (12)
t=1
Where, the model parameter values to be estimated are ¥ = (u, ¢s, 15, o, a1, a2, 3, Ao, p, 7,
90>7717 62)

3.2 The ARMA-EGARCH-expected/unexpected Model

In order to reflect the expected and unexpected shocks of international oil prices, we take
the direct oil price shock and oil price fluctuation as external factors, and introduce the mean
equation and variance equation to construct the shock response model. According to the ARMA
part of the oil price fluctuation model in Section 3.1, the oil price changes are decomposed
into the expected international oil price changes #; and the unexpected international oil price
changes 7, with positive and negative directions, respectively.

P q
=0+ Z Piri—i + Z Pi€t—i (13)
i=1 =1
7:,5 =Tt — 7275 (14)

Then, we take these four items {ft, Tt, Dt, Pt } as external factors of the mean equation, and
then introduces smooth fluctuations and transition fluctuations into the variance equation to
measure the impact of oil price fluctuations on the yield of the new energy industry.

p q
Tt :M+Z¢z‘7‘tﬂ‘+2@j€tﬁ' + &4 (15)
i=1 j=1
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Ry = m7y + nofy + nsry + nary + e (16)
e =& Dy, D;~ NID(0,1) (17

T T T
In(z¢) =w + Z diXe—iv1 + Z didi—iv1 + Z (Vi (|et=i| — Elet—i]) + qige—i)

i=1 i=1 =1

. (18)
+ Zﬂz In(z¢—;)
i=1

3.3 The ARMA-EGARCH- lag Model

In order to examine the stability of the model and conclusions, the current term and hysteresis
term of the yield are introduced. In order to ensure the comparability of the model, this paper
also introduces the jump intensity A;—;+1 of the current and hysteresis period into the model:

Ry = szﬂﬂ'ﬂ + 7
i=1
v » q (19)
= Z XiTt—i+1 + K+ Z Dy + Z Qjct—j + €t
i=1 i=1 j=1

e, = /& Dy, D; ~ NID(0,1) (20)

In(z:) =w+ Z dide—it1 + Z (v (Jet—i| — Elet—i]) + qige—s)
vi:l i=1 @1
+ Z/Bz In(zi—;)
=1

When exploring the impact of introducing lagged terms on economic models, a common
challenge is the aggravation of multicollinearity, which is usually accompanied by the problem
of excessive model variance and reduced statistical significance. In particular, as the number
of lagged terms increases, the multicollinearity problem will deteriorate sharply, significantly
affecting the stability and explanatory power of the model.

To effectively address this challenge, this paper uses high-frequency data as the basis for
analysis. By expanding the observation sample, high-frequency data can disperse the covariation
trend between variables to a certain extent, thereby reducing the impact of multicollinearity and
making the model estimation more robust and reliable. In addition, on the basis of pursuing
the significance of the results, this paper focuses on the exploration of short-term lag effects to
avoid the information redundancy and multicollinearity problems caused by too long lag terms.
Focusing on the dynamic relationship between variables in the short term enables this paper to
more accurately capture the immediate feedback mechanism in economic phenomena.

4 Data and empirical results

4.1 Data sources

Considering the representativeness of oil prices and its correlation with Asian oil prices,
we use Brent crude oil futures prices to represent international oil prices. For China’s new
energy sector, we construct a comprehensive industrial chain dataset from the WIND database,
covering both the aggregate new energy industry index (NE) and six sub-sector indices that
explicitly map to the upstream-midstream-downstream structure. Specifically, the indices for
upstream solar power (SP), wind power (WP), and nuclear power (NP), midstream lithium
battery (LB), and downstream new energy vehicles (NEV) are proprietary indices compiled
by WIND (Shanghai Wind Information Co., Ltd). For the upstream hydropower (HP) sector,
we employ the Hydropower Index compiled by CITIC (CITIC Securities Co., Ltd) rather
than the WIND Hydropower Construction Index. This choice ensures the data reflects the
actual situation of the entire hydropower industry rather than merely infrastructure construction
activities. Overall, this dataset enables a more complete representation of production, storage,
and consumption linkages within the new energy industrial chain, thereby addressing the partial
sub-sector coverage common in existing studies. The sample period spans from January 2011
to February 2025, with daily frequency data. And all data are sourced from the WIND financial
database. Asset returns are calculated using the logarithmic difference formula:

re = [In(P;) — In(P,_1)] x 100 (22)
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where P, is the price at time ¢. To handle non-synchronous trading days across international
oil futures and Chinese new energy markets, we align the dataset based on return availability
rather than raw prices, resulting in a final sample of 3,380 valid daily observations (prices and
corresponding returns) with no artificial data interpolation.

4.2 Descriptive statistics

Prior to model estimation, we conduct a rigorous suite of pre-testing procedures to validate
data suitability and justify methodological choices.

To avoid spurious regression, we employ three complementary unit root/stationarity tests
(ADF, PP, KPSS) with cross-validation. As shown in Table 1, the ADF and PP tests uniformly
reject the null hypothesis of a unit root at the 1% significance level for all new energy sub-sector
return series, while the KPSS test fails to reject the null of stationarity. This triangulation
confirms the strong stationarity of all return series, laying a robust foundation for subsequent
time-series modeling.

Table 1 Unit root and stationary test (2011-2025)

Variable ADF PP KPSS  Variable ADF PP KPSS
Oil -13.89%**  -3439.23*** 0.04 NP -14.40%**  -3241.01*** 0.09
NE -14.21%%*%  -323522%** 0.07 HP -15.78***  -3164.85*** 0.04
WP -14.12%*%*%  -3265.29*** 0.06 LB -13.73***  -3151.55%** 0.10
SP -14.68***  -3215.83*** 0.09 NEV -14.39***  -3064.39*** 0.06

Notes: The sample size was 3380. The ADF test is the augmented Dickey-Fuller test. The PP test is Phillips-Perron test
and the KPSS test is Kwiatkowski-Phillips-Schmidt-Shin test. ***, ** * indicates statistical significance at 1%, 5% and
10%, respectively.

Table 2 summarizes the descriptive statistics of the sample. The crude oil market displays
markedly higher volatility than China’s new energy industries, as reflected by its larger standard
deviation, higher kurtosis, and more pronounced skewness, indicating sharper price fluctuations
and fat-tailed distributions in the oil market. The Jarque-Bera (JB) statistics further reject
the null of normality for all return series, consistent with the stylized fact of non-Gaussianity
in financial and energy time series. To confirm the necessity of GARCH-family models, we
conduct Ljung-Box tests for autocorrelation (Q(12)), and conditional heteroskedasticity (Q%(12)
for squared returns). The results show that the return series of crude oil and all energy sources
have significant autocorrelation and ARCH effects, indicating that their volatility has volatility
clustering characteristics. These findings confirm the presence of volatility clustering and
provide a basis for the subsequent establishment of a time series model to capture the volatility
behavior of these returns.

Table 2 Descriptive statistical characteristics (2011-2025)

Variable Mean Std Skewness  Kurtosis  JB statistics Q(12) 0%(12)

Oil -0.0067  0.9567 -1.0627 18.7447  50188.61%**  26.44%**  550.38%**
NE 0.0018 0.8352 -0.5052 3.5255 1898.17***  29.12%**  ]1540.84%**
WP 0.0082 0.8307 -0.4979 3.5683 1936.90%** 25.59%* 1449.46%**
Sp 0.0098 0.8927 0.1093 9.5366 12835.04***  34.46%**%  488.48%**
NP 0.0082 0.7965 -0.7438 4.2509 2861.92%%*  26.48%*%*%  2]105.80%**
HP 0.0160 0.6145 -0.7421 11.3639 18524.66%** 93, 14%** 7548 88***
LB 0.0190 0.9231 -0.3272 2.6260 1033.98***  33.44%**  ]1208.75%**
NEVs 0.0132 0.8312 -0.4616 3.0212 1408.64***  36.03***  1438.92%**

Notes: The sample size was 3380. The JB statistic is a statistic of the Jarque-Bera Test. Q(/2) and 02(12) are the statistics
of the Ljung-Box Test. *#%*, ** * indicates statistical significance at 1%, 5% and 10%, respectively.

The Brent price trend and its return changes are shown in Figure 1. And the indices and
returns of China’s new energy industries as well as its six subsectors are shown in Figure 2.
In the past 14 years, the changes in international oil prices and the price changes in the new
energy industry are roughly inversely related. In addition, the volatility of the return of the new
energy industry is much lower than that of crude oil, with fewer extreme values, more obvious
volatility clustering. Moreover, similar fluctuation patterns are observed across the six new
energy subsectors, reflecting their strong co-movement under macro-level shocks.

4.3 Fitting results of crude oil price volatility

Table 3 reports the estimation results of the ARMA-EGARCH-ARIJI model for global oil
returns. This paper uses ARMA-MSEGARCH-ARII to analyze the volatility of international oil
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yields. The model fitting results of oil price fluctuations are shown in Table 4, where (i, ¢1, 1)
are the parameters of the ARMA model, (ao,1,a1,1,®2,1,1) are the parameters of the
EGARCH model under low volatility, and (cv,2, 1,2, 2,2, B2) are the parameters of the
EGARCH model under high volatility. The model parameters are significantly different from 0
at the 1% significance level, indicating that the crude oil series have smooth fluctuations and a
volatility clustering effect. Among them, (ae2,1, ae2,2) are all less than O at the 1% significance
level, which shows that the international crude oil yield has a significant leverage effect, that is,

it is more sensitive to negative information.

Table 3 ARMA (1,1)-EGARCH (1,1)-ARJI model on Brent futures (2011-2025)

Parameter Coefficient Std t-Value Pr(> |t])
w -0.0042 0.0135 -0.3082 0.7580
b1 -0.5627%%* 0.0076 -74.2501 0.0000
1 0.5456%** 0.0083 65.3637 0.0000
o, 1 -0.0235%** 0.0048 -4.9415 0.0000
1,1 0.12] 273 0.0200 6.0562 0.0000
a2,1 -0.0561%** 0.0100 -5.5928 0.0000
B1 0.9862%%*%* 0.0031 316.1573 0.0000
@g,2 0.3267*** 0.1217 2.6840 0.0036
ai2 0.6790%*%* 0.2166 3.1340 0.0009
@22 -0.2415%%* 0.1025 -2.3547 0.0093
B2 0.9028*%** 0.0559 16.1487 0.0000
Ao 0.0039 0.0028 1.3866 0.1656
p 0.8022%%*%* 0.1873 4.2829 0.0000
o 0.2219 0.1811 1.2252 0.2206
0o -0.4786 0.4748 -1.0079 0.3136
m 0.6211%* 0.3179 1.9537 0.0508
52 2.1199%** 0.4360 4.8619 0.0000
SP1 0.8895 - - -
SP2 0.1105 - - -
0(12) 3.4176 - - 0.9918
0%(12) 4.4600 - - 0.8786

Notes: (1) The sample size was 3380. (2) i, ¢1, 1 is the coefficient of ARMA model defined in equation (1).
ag,1, a1,1, @21, B1, Qo,2, 1,2, @2, 2, B2 is model MSEGARCH coefficient. is the probability of state 1 in
MSEGARCH. is the probability of state 2 in MSEGARCH. A, p, y are the coefficients of the ARJI model defined in
equation (6), 0p and n; are the influence coefficients of the mean jump amplitude and the unexpected return of the
previous period, respectively. & 2 is the variance of the jump amplitude. Q(712) and 0?(12) are the statistics of the

Ljung-Box Test. (3) ***, #** * indicates statistical significance at 1%, 5% and 10%, respectively.

Table4 ARMA-EGARCH-expected/unexpected model on China’s new energy industries: Expected and unexpected oil price shocks

(2011-2025)

Variable NE WP SP NP HP LB NEV

M -0.040% (0.022) -0.017 (0.022) -0.006 (0.007)  -0.024*** (0.009) 0.017%* (0.009) -0.010 (0.010) -0.015* (0.009)
1 0.193%% (0.003)  -0.832%%* (0.008)  -1.410%** (0.007)  -0.816%* (0.010)  -0.274**% (0.000)  -0.762%** (0.007)  0.360%** (0.008)
b2 0.803%** (0.004) - 057405 (0.015)  -0.013%* (0.006)  -0.999%** (0.000) - -
o1 0.156%+% (0.002)  0.856%#* (0.007)  1.434%+ (0.008)  0.823#* (0.007)  0.274%% (0.000)  0.804%** (0.006)  -0.325%** (0.008)
2 -0.831%%* (0.000) - 0.583%% (0.012) - 1.000%** (0.000) - -0.058%*% (0.012)
- 2.152%%% (0.617) 2.241% (1.206)  -1.698%#+ (0.584)  -1.785%* (0.836)  1731%#% (0.023)  -2.979%%* (0.546)  -2.032%* (0.886)
N2 -1.407#%% (0.471) -1.485% (0.758) 1387 (L111)  -1.817%% (0.397) 0.093 (0.189)  -1.679%#% (0.587)  -2.240%** (0.857)
n3 0.028% (0.016) 0.037 (0.024) 0.031% (0.019)  0.050%#* (0.016)  0.016%** (0.002)  0.042%* (0.010) 0.027 (0.017)
N4 0.058%** (0.011) 0.032% (0.016)  0.059%#* (0.023)  0.043%%% (0.013)  0.037*%* (0.006) 0.048%* (0.021) 0.057#* (0.024)
w -0.007* (0.004) -0.015% (0.008) -0.006 (0.004) 0.013 (0.009)  -0.017%%* (0.004) -0.008 (0.005) -0.007 (0.005)
ai 0.111%#%* (0.038) -0.025 (0.016) -0.008 (0.010) -0.023 (0.017) 0.018 (0.033)  -0.087#* (0.038)  -0.094%** (0.036)
as 0.095%** (0.035) - - - -0.003 (0.033) 0.066* (0.036) 0.081%* (0.033)
B1 0.983%%% (0.000)  0.577%%* (0.005)  0.985%%% (0.000)  0.548%%* (0.004)  0.993%#% (0.000)  0.975%** (0.008)  1.000%** (0.001)
B - 0.394%%% (0.005) - 0.428% (0.004) - - -0.015%* (0.006)
K1 0.172%%% (0.066)  0.244%%% (0.035)  0.164%%* (0.021)  0.254%%% (0.036)  0.212%%% (0.049)  0.168%** (0.060) 0.132%* (0.057)
Ko -0.001 (0.056) - - - -0.075% (0.045) 0.015 (0.053) 0.014 (0.049)
dy 0.045%%% (0.007)  0.055%%* (0.011)  0.021*%* (0.008) 0.003 (0.004)  -0.278%%* (0.067) 0.001 (0.023) 0.009% (0.005)
do -0.044%%% (0.007)  -0.057#%* (0.012)  -0.021%* (0.008) -0.003 (0.005)  0.269%* (0.065) -0.001 (0.023)  -0.010%* (0.005)
ds 0.080 (1.555)  1.154%%* (0.303) 0.546%* (0.267)  2.162%%* (0.363) 2.440 (1.805) 1.594%% (0.701) 1.152%% (0.485)
ds 20220 (1.536)  -1.185%%* (0.294)  -0.597#* (0.279)  -2.350%** (0.335) 1691 (1.712)  -1.607** (0.688)  -1.172%* (0.483)
L(D) -3698.25 -3667.80 -3909.87 341832 222423 415131 -3764.37
AIC 2.2007 2.1809 2.3248 2.0339 1.3285 24676 2.2399
BIC 22388 22136 2.3592 2.0683 1.3666 2.5021 2.2779
LM Test Lag6] Lag]6] Lag]5] Lagl6] Lagl6] Lagl6] Lag]5]

0.3294 [0.9378]

2.4850 [0.3930]

0.9637 [0.7437]

1.8934 [0.5147]

1.7879 [0.5393]

1.7264 [0.5540]

0.5199 [0.4709]

Notes: (1) The sample size was 3380. (2) p1, ¢4, @ is the coefficient of ARMA model defined in equation. w, av;, 35, K is the coefficient of EGARCH model. are shock
coefficients of expected positive oil price, expected negative oil price, unexpected positive oil price and unexpected negative oil price, respectively. d1, d2, d3, d4 are the

current and lagged one-period coefficients of smooth and jump fluctuations, respectively. The standard error of each parameter is shown on the bracket. (3) L(\W) represents
the logarithmic maximum likelihood value of the model. (4) AIC and BIC are the information criteria to measure the goodness of model fitting. (5) The LM Test is used to
test whether the residual term still has an ARCH effect. The null hypothesis of the test is that the sequence does not have an ARCH effect, and the square brackets are the

corresponding p-values. (6) ***, ** * indicates statistical significance at 1%, 5% and 10%, respectively.
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More importantly, the model effectively captures the sudden jump risk and heterogeneity
characteristics in oil price fluctuations. (o, p,~y, 680,71, 5>) are the parameters of the ARJI
model. Among them, p represents the first-order autoregressive coefficient of jump intensity,
which is significantly positive at the significance level of 1%, indicating that the jump intensity
has strong persistence, and the jump intensity of the previous period has a significant positive
impact on the current period, forming a volatility clustering effect. n; is the coefficient of the
impact of the previous period’s unexpected return on the jump amplitude, which is significantly
positive at the significance level of 10%, indicating that unexpected market shocks will directly
affect the jump amplitude of crude oil prices. The variance §2 of the jump amplitude is highly
significant, indicating that the jump amplitude is not a fixed value, but there is heterogeneous
risk. The jump intensity constant term Ao is not significant, indicating that the jump is mainly
driven by dynamic processes rather than fixed background risks. The impact of unexpected
returns <y is not significant, indicating that the impact of unexpected oil price changes on jump
intensity is weak, and jumps are more likely to be directly triggered by exogenous shocks rather
than market information transmission. The jump amplitude mean 6, is not significant and the
long-term average amplitude is close to zero, indicating that the mean effects of positive and
negative jumps may offset each other.

In order to ensure the robustness of the results, this paper conducts Ljung-Box Test on the
residuals after fitting the composite model. Q(12) and Q%(12) are the statistics of tests of the
residuals and the squared residuals respectively. The results cannot reject the null hypothesis
that the sequence does not have significant autoregression and conditional heteroskedasticity.
Therefore, our model can effectively capture the ARCH effect of the sequence, and our model is
sufficient to fit the international yield.

The jump intensity sequence of crude oil yields is further extracted as shown in Figure 3. The
jump intensity has obvious changes in different periods. Figure 4 describes the overall volatility
of international crude oil yields and the smooth fluctuations and jump parts that can be fitted by
the model, and the gray area at the bottom is the actual volatility. In the absence of unexpected
shocks, low volatility is the norm for oil price yields. In 2015 and 2019, the dual effects of
incentive policies and the sudden drop in international oil prices pushed oil prices from a low
volatility state to a high volatility state, which lasted for quite a while. In early 2020, oil prices
fluctuated violently due to the epidemic, which is reflected in the figure that the jump intensity
of oil prices also increased with unexpected abnormal information. The results show that the
model in this paper can better characterize oil prices, and on the other hand, it also shows that
the time-varying jumps in crude oil prices are closely related to emergencies.
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Figure 3 Jump intensity of global crude oil prices (2011-2025)
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Figure 4 Volatility decomposition of global crude oil prices (2011-2025)
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4.4 Empirical results of oil price shocks on China’s new energy
industries: considering expected and unexpected effects

Table 4 shows the results of the ARMA-EGARCH-expected/unexpected model analysis of
the impact of expected/unexpected international oil price changes on the new energy industry
and its sub-industries.

From the perspective of the ARMA-EGARCH model coefficients, only the o coefficients of
the new energy industry, lithium batteries and new energy vehicles are significantly negative,
indicating the presence of a leverage effect. In addition, the a coefficients of these industries
are also significantly positive, indicating that the new energy industry, lithium batteries and new
energy vehicle sub-industries will react violently to major yield changes in both positive and
negative directions. There is an obvious volatility clustering phenomenon in the new energy
industry and all sub-industries, among which the volatility of wind power, nuclear power and
new energy vehicles is affected by fluctuations in a longer time span. The x; coefficients
of all industries are significantly positive, indicating that the two external shocks of smooth
fluctuations and jumps in oil prices generally increase the volatility of various new energy
industries. Only the k2 coefficient of hydropower is significantly negative, indicating that the
previous oil price fluctuation jump has a suppressive effect on the volatility of hydropower.

From the perspective of the coefficients of oil price expectations and unexpected shocks
(n1, M2, N3, Na), except for hydropower, the expected oil price increase (1:) has a significant
negative impact on the new energy industry as a whole, wind power, solar energy, nuclear
energy, lithium batteries and new energy vehicle sub-industries, and the downstream industries
of lithium batteries and new energy vehicles are more sensitive. The expected oil price increase
has a significant positive impact only on hydropower, reflecting its risk-averse properties. The
expected oil price drop (n2) has a significant negative impact on the new energy industry as
a whole, wind power, nuclear energy, lithium batteries and new energy vehicles. Except for
wind power and new energy vehicles, the new energy industry as a whole and the remaining
sub-industries have a weak positive response to the unexpected oil price increase (13), reflecting
the market’s speculative trading on short-term fluctuations. The unexpected oil price drop
(n4) has a positive and significant impact on the new energy industry as a whole and all sub-
industries, especially solar energy, lithium batteries and new energy vehicles. Judging from the
coefficients of the four types of oil price shocks, all sub-industries are more sensitive to expected
oil price shocks, but less responsive to unexpected shocks; and the downstream industries of
lithium batteries and new energy vehicles react more strongly to expected oil price shocks than
most upstream sub-industries, showing the market’s direct response to the logic of oil price
substitution. Hydropower is the only industry that responds significantly and positively to both
expected oil price increases and unexpected oil price decreases, highlighting its low volatility
and risk aversion properties.

From the coefficients of smoothed volatility (d1, d2) and jump volatility (ds, d4), the current
smoothed volatility coefficient d; of the new energy industry, wind power, solar power and
new energy vehicle sub-industries is significantly positive, and the lagged coefficient d2 is
significantly negative, indicating that the smoothed volatility of oil prices has led to increased
volatility in most new energy industries, while the lagged oil price volatility will suppress current
volatility. The coefficient direction of hydropower is exactly opposite to that of other industries.
The smoothed volatility coefficients of nuclear power and lithium batteries are not significant.
The current jump volatility coefficient d3 of wind power, solar energy, nuclear energy, lithium
batteries and new energy vehicles is significantly positive, and the one-period jump volatility
coefficient d4 is significantly negative. The current and one-period jump volatility coefficients of
the new energy industry and hydropower are not significant, indicating that the decentralization
of the overall new energy industry or the stability of hydropower can offset the impact of
international oil price jump fluctuations to a certain extent. The absolute values of the smooth
volatility coefficients of wind power, solar energy and new energy vehicle sub-industries are
much smaller than the absolute value of the jump volatility coefficient.

These results show that the volatility of the yield of new energy industries is dominated by
the jump fluctuations of international oil prices. New energy has a certain resistance to the
smooth fluctuations of international oil prices and has limited sensitivity to unexpected shocks to
short-term oil prices. In addition, there is also great heterogeneity in upstream and downstream
industries. The current analysis has shown that the current impact of oil price fluctuations on
the new energy industry is significantly asymmetric and heterogeneous. However, due to the
existence of factors such as delayed corporate decision-making, consumer behavior inertia and
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policy response lags, the dynamic adjustment process of the energy market has a natural lag.
In addition, only analyzing the current oil price shock may underestimate its long-term effect.
Introducing the lag term can more completely characterize the dynamic relationship between
oil prices and the new energy industry. Therefore, we introduce the lag term of international
oil prices into the model and construct the ARMA-EGARCH-lag model to test the lag of
international oil price shocks.

4.5 Empirical results of oil price jump impact on China’s new
energy industries: considering the hysteresis

Table 5 reports the estimation results of the ARMA-EGARCH-lag model, which introduces
the current and lagged effects of oil prices as external regression factors into the mean equation,
confirming that oil price fluctuations have a lagged effect on the new energy industry, and also
reveals the differentiated performance of this effect among different sub-industries. Specifically,
the optimal lag orders for oil returns were determined by minimizing the Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC). The results show that for the new
energy industry, the current and lagged changes in international oil prices have a positive impact
on the rate of return, indicating that the new energy industry has a lagged effect on the response
of international oil prices. From the perspective of coefficient size, the lagged one-period
impact coefficient 72 is 21.7% lower than the current coefficient 71, and it remains significant,
indicating that the shock effect decays rapidly over time, but still retains some influence in the
future.

Table S ARMA-EGARCH-lag model on China’s new energy industries: Hysteresis of oil jumps (2011-2025)

Variable NE WP SP NP HP LB NEV

“w -0.046 (0.032) -0.012 (0.015) -0.027 (0.059)  -0.014%*%#%* (0.005) 0.017#* (0.007) -0.011 (0.015)  -0.018*** (0.007)
b1 0.200%*** (0.005)  -0.830%*** (0.014) 0.259*** (0.011)  -0.817*** (0.007) 0.034*** (0.008)  -0.749%*** (0.030) 0.360*** (0.018)
b2 0.797*** (0.005) - 0.736%*** (0.011) -0.012%* (0.006)  -0.998%*** (0.002) - -
©1 -0.163*** (0.002) 0.854*** (0.011)  -0.227*** (0.004) 0.825*** (0.006)  -0.034*** (0.009) 0.792%** (0.026)  -0.338*** (0.017)
©2 -0.824%*** (0.000) - -0.759%¥* (0.000) - 0.998*** (0.000) - -0.056*** (0.009)
n 0.046%*** (0.013) 0.034%*%* (0.012) 0.048*** (0.013) 0.046%** (0.011) 0.021%** (0.009) 0.045%** (0.013) 0.047*%** (0.014)
n2 0.036%** (0.013) 0.037** (0.018) 0.036%** (0.016) 0.036%** (0.006) 0.011 (0.010) 0.055%*** (0.014) 0.035*** (0.012)
n3 - - - -0.010* (0.006) - - -
w -0.008 (0.005) -0.015 (0.009) -0.006 (0.004) -0.013* (0.008)  -0.010*** (0.004) -0.008 (0.005) -0.013** (0.006)
ay -0.111%** (0.040) -0.026 (0.017) -0.014 (0.014) -0.023 (0.017) 0.029 (0.032) -0.088** (0.038) -0.011 (0.010)
(o2 0.096*** (0.037) - - - -0.014 (0.031) 0.066* (0.036) -0.018* (0.010)
B1 0.9827*** (0.005) 0.559%*** (0.005) 0.984*** (0.001) 0.546%** (0.004) 0.995*** (0.001) 0.975%** (0.008)  -0.011*** (0.000)
B2 - 0.411%** (0.005) - 0.429*** (0.004) - - 0.983%*** (0.000)
K1 0.167%* (0.066) 0.247#%* (0.035) 0.165%** (0.021) 0.256%** (0.035) 0.193*** (0.049) 0.167*** (0.060) 0.154*** (0.001)
K2 0.007 (0.057) - - - -0.080 (0.050) 0.017 (0.053) 0.136*** (0.000)
dy 0.046*** (0.005) 0.063*** (0.011) 0.0227%** (0.002) 0.016*** (0.003) 0.001 (0.037) 0.006** (0.002)  -0.035*** (0.011)
da -0.045%** (0.005)  -0.065*** (0.009)  -0.022*** (0.002)  -0.016*** (0.003) -0.005 (0.038) -0.006** (0.003) 0.029*** (0.011)
ds 0.119 (0.969) 1.125 (1.475) 0.835%** (0.152) 2.113%%* (0.349) 0.996 (1.417) 1.676*** (0.238) 0.821%** (0.312)
dy -0.266 (0.960) -1.160 (1.461)  -0.891%%%* (0.146)  -2.307*** (0.319) -0.710 (1.430)  -1.690%** (0.239) -0.648%* (0.311)
L(D) -3699.88 -3668.82 -3909.87 -3418.80 -2210.26 -4150.89 -3767.32
AIC 2.2005 2.1804 2.3248 2.0336 1.3191 2.4662 2.2404
BIC 2.2350 2.2094 2.3592 2.0662 1.3535 2.4970 2.2749
LM Test Lag[6] Lag[6] Lag(5] Lag[6] Lag[6] Lag[6] Lag[5]

0.2689 [0.9528]

2.2520 [0.4377]

0.9637 [0.7437]

1.8254 [0.5304]

1.6653 [0.5689]

1.5889 [0.5879]

0.8148 [0.3667]

Notes: (1) The sample size was 3380. (2) i1, ¢4, @ is the coefficient of ARMA model defined in equation. w, av;, 35, K is the coefficient of EGARCH model. are shock
coefficients of expected positive oil price, expected negative oil price, unexpected positive oil price and unexpected negative oil price, respectively. d1, d2, d3, d4 are the

current and lagged one-period coefficients of smooth and jump fluctuations, respectively. The standard error of each parameter is shown on the bracket. (3) L(\W) represents
the logarithmic maximum likelihood value of the model. (4) AIC and BIC are the information criteria to measure the goodness of model fitting. (5) The LM Test is used to
test whether the residual term still has an ARCH effect. The null hypothesis of the test is that the sequence does not have an ARCH effect, and the square brackets are the
corresponding p-values. (6) ***, ** * indicates statistical significance at 1%, 5% and 10%, respectively.
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The response of new energy sub-industries to the lagged shock of oil prices shows significant
heterogeneity. The performance of solar energy and new energy vehicles is similar to that of
the new energy industry. In contrast, the response patterns of wind energy and lithium battery
industries are more complex. The lagged one-period impact coefficients 72 of wind energy
and lithium batteries are slightly higher than the current coefficient 771, and are significant at
a significance level of 1%. The impact of crude oil price shock on hydropower is positive in
the current period, and the impact of the first period of lag quickly fades, highlighting its low
volatility. The nuclear energy industry shows that the coefficient of the first period of lag 12
decreases, and the coefficient of the second period of lag 13 turns negative.

Although the positive impact of the current and first-order changes in oil prices on the yield
of the new energy industry is contrary to the basic law of traditional supply and demand, it is in
line with the actual situation in China’s specific economic environment, that is, the rise in oil
prices can have a positive impact on the new energy industry through inflationary pressure and
economic growth stimulus mechanisms in the short term.
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5 Discussion

5.1 Qil price jumps have an asymmetric effect on China’s new
energy industry

Contrary to the symmetric “positive shocks are beneficial and negative shocks are harmful”
assumption in asset pricing theory, both expected oil price increases and decreases have a
significant negative impact on new energy returns. On the contrary, whether it is rising or falling,
unexpected oil price fluctuations will stimulate the performance of the new energy industry,
forming an asymmetric effect of dual inhibition and promotion.

Existing literature has laid the foundation for understanding the differential transmission of
oil price shocks, with Engle and Ng (1993) [41] emphasizing that investors react more strongly
to negative news, Kilian (2009) [43] distinguishing between supply and demand shock sources
as key transmission regulators. Recent studies also confirm divergent spillovers: Zhang et al.
(2020) [44] find quantile-dependent oil and clean energy linkages. Zhang et al. (2025) [45]
studied China’s new energy sector, carbon market and international oil market in the context of
the COVID-19 pandemic and the Russia-Ukraine conflict, revealing that the spillover effects
between the three markets exhibit significant time-varying and asymmetric characteristics.

This study innovatively uncovers that the asymmetric responses of China’s renewable en-
ergy sector to oil price shocks originate from structural tensions inherent in its policy-driven
transition—an understudied mechanism in existing literature. Unlike prior research that sim-
plifies policy-market interactions as one-dimensional, we identify two novel, counterintuitive
patterns: First, the “double dampening” effect under anticipated shocks arises from the sector’s
dependence on rigid policy frameworks: expected price hikes compress profit margins due to
inflexible government pricing mechanisms like fixed feed-in tariffs, while anticipated declines
trigger fears of subsidy reductions or delayed decarbonization policies. Hydropower uniquely
escapes this suppression, as its stable tariff regime attracts defensive capital during oil-driven
uncertainty. Second, the “double boost” phenomenon under unanticipated shocks stems from
dynamic policy-market interactions—sudden price drops immediately lower input costs while
sparking expectations of compensatory measures like carbon tax adjustments, whereas unex-
pected surges temporarily amplify energy transition narratives, drawing speculative inflows
despite underlying cost risks. These dual patterns underscore the sector’s transitional dilemma:
reliant on state support to offset early-stage cost disadvantages yet exposed to volatile oil market
competition during marketization. The clash between inflexible policy tools and elastic market
adjustments traps the industry in cyclical vulnerabilities—cost transmission failures, policy lags,
and distorted expectations.

5.2 Qil price jumps has a heterogeneous impact on China’s new
energy sub-industries

Heterogeneous responses across new energy sub-sectors to oil price shocks exist, driven
by divergent technological, institutional, and market structures. Notably, anticipated and
unanticipated shocks exert polarized directional impacts: anticipated oil price increases impose
the strongest negative effects on downstream industries, with new energy vehicles (NEVs) and
lithium batteries exhibiting 2—-3 times higher sensitivity than upstream wind and nuclear sectors,
while hydropower uniquely demonstrates positive returns as a safe-haven asset. Conversely,
unanticipated oil price declines uniformly stimulate new sub-sectors, particularly solar, lithium
batteries, and NEVs.

To date, research on the heterogeneity of the new energy sub-sectors has been relatively
scattered, lacking a systematic analysis of the upstream and downstream industrial chains in
China’s industry. An early study by Reboredo and Ugolini (2018) [46] explored the overall
impact of traditional energy prices on the western renewable energy market, but only classified
traditional energy sources. The coverage of recent studies remains partial: Deng and Xu
(2024) [8] examined the correlation between oil prices and China’s new energy sub-sectors, but
did not distinguish between different links in the industrial chain; while Su and He (2025) [9]
focused solely on new energy vehicles, ignoring other core components of China’s complete
new energy industrial chain.

This study innovatively identifies that the observed heterogeneity originates from the interplay
between sector-specific techno-economic features and institutional constraints—an underexplored
dynamic in existing literature. Unlike prior research that overlooks chain-level transmission
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differences, we reveal that downstream industries’ demand elasticity governs price transmission
efficiency: NEVs markets, as direct substitutes for oil consumption, react instantly to fuel cost
margins, yet lithium battery firms buffer unanticipated shocks through long-term raw material
contracts, delaying cost realization. Upstream sectors, conversely, face policy inertia, 18-month
grid integration approvals for wind projects and national security protocols for nuclear plants
insulate them from short-term volatility but amplify sensitivity to anticipated shocks via new
quota systems. Hydropower’s unique safe-haven status arises from fixed tariff mechanisms and
state-backed low-risk profiles, attracting defensive capital during oil-driven macroeconomic
uncertainty.

A key innovative insight lies in linking technological cycles and supply chain complexity
to heterogeneous shock responses. Lithium batteries’ multi-stage production, like mining,
cathode synthesis, cell assembly, creates staggered cost transmission, explaining their lagged
shock absorption. Nuclear energy’s delayed negative coefficients reflect policy balancing,
where governments accelerate project approvals to counter short-term shocks, but protracted
infrastructure cycles delay market signal internalization. Solar’s heightened responsiveness
to unanticipated declines stems from immediate input cost relief and speculative positioning
in modular, rapidly scalable technologies. Crucially, this heterogeneity underscores structural
tensions between market-driven substitution dynamics and institutionally adjustment lags.

5.3 OQil price jumps have lag impacts on China’s new energy in-
dustry

Our results show that while new energy returns are significantly positively correlated with
contemporaneous and lagged first-order oil price fluctuations at the aggregate level, there are
significant differences in the responses of different sub-sectors: the lag effect gradually decays
in the solar, nuclear, and new energy vehicle sectors, while the lag coefficients gradually increase
in the wind and lithium battery sectors, a counterintuitive pattern that has not been fully explored
in the traditional energy literature.

The existing literature consistently suggests that there are hysteresis effects in energy price
transmission, albeit through different mechanisms. Kilian and Park (2009) [47] and Bernanke
et al. (1997) [48] provide theoretical support for lagged responses, distinguishing short-term
sentiment-driven responses from longer-term structural/policy-mediated adjustments. Rad-
chenko (2005) [49] shows that gasoline price transmission is delayed by 2—-3 months due to
market perceptions of the transient nature of the shock, consistent with the observed lagged
effects.

This study shows that the renewable energy industry’s response to oil price shocks varies
over time, due to three main factors: supply chain delays, slow policy responses, and automated
trading systems. First, supply chain delays slow cost changes: The renewable energy industry
relies heavily on oil-based materials (32-45% of inputs such as plastics for solar panels). When
oil prices rise, these material costs rise first and then slowly trickle through factories to the final
product—a process that takes months. Second, slow policy responses amplify the impact: Sudden
changes in oil prices can cause companies to pause decision-making and wait for governments to
act. For example, solar companies may delay projects until subsidy rules are clear, while electric
vehicle manufacturers speed up production to avoid future carbon taxes. Third, automated
trading exacerbates market volatility: Computer programs used by large funds automatically
sell renewable energy stocks when oil markets are volatile, causing 2-3 weeks of unnecessary
selling even if the company’s actual performance has not changed.

In addition, this study innovatively uncovers distinct, sub-sector-specific temporal response
patterns to oil price shocks. Wind energy is slower to respond due to its long project lifecycle.
Lithium batteries experience delayed cost shocks due to the 3-5 years material contract period.
Solar and electric vehicles adjust faster because they can be scaled up quickly and consumers
turn directly to them when oil prices rise.

6 Conclusion and policy implications

This study provides key insights into the asymmetric, heterogeneous, and lagged effects
of international oil price shocks on China’s new energy sector and offers practical policy
implications for mitigating systemic vulnerabilities. This study draws three core conclusions.
First, oil price shocks are asymmetric - expected shocks dampen new energy returns through
policy dependency and cost rigidity. For example, during periods of expected price increases,
fixed price limits exacerbate profit squeezes, while unexpected shocks boost valuations through
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speculative narratives and delayed cost shifting. Second, there are significant differences in
the responses of different sub-sectors. Downstream sectors are highly sensitive to expected
shocks due to direct substitution effects, while upstream sectors face amplified lagged effects
from institutional rigidities such as delayed infrastructure project implementation. Third, supply
chain bottlenecks, policy adjustment lags, and algorithmic trading behavior lead to lagged
transmission mechanisms, and cost pressures are present at different time points. These dynamic
factors highlight the structural contradiction between market-driven energy transformation and
institutional inertia.

To address these challenges, we propose three core policy strategies. First, dynamic policy
adjustments should be implemented to address asymmetric shock impacts on renewables pricing
stability. This is achieved by: establishing an oil price-linked subsidy system with tiered
triggers that automatically raise solar/wind grid electricity prices when Brent crude volatility
exceeds, for example, a daily fluctuation of 5 percent or prices breach a reference threshold
such as 100 dollars per barrel, while funding temporary EV purchase subsidies through fossil
fuel carbon taxes during spikes; expanding petrochemical derivatives markets for corporate
hedging; and mandating financial safety nets for extreme price swings. Second, sector-specific
governance mechanisms should be established to resolve fragmented risk exposure across
energy value chains. For upstream renewables, integrate oil-cost sharing clauses into long-term
power contracts, requiring grid operators to cover, for instance, approximately 30—-40 percent of
material cost overruns beyond agreed levels. For downstream sectors, tie infrastructure subsidies
to regional charging network quality, penalizing underperforming areas by reducing support.
For nuclear/hydropower, fast-track project approvals during volatile periods. Third, multi-layer
risk management frameworks should be deployed to mitigate systemic vulnerability to supply
disruptions. Maintain strategic material stockpiles sufficient to cover roughly 90 days of net
imports, deploy Al-assisted oil-renewable risk monitoring systems to generate short-horizon
shock forecasts, for example within a 72-hour window, and impose trading limits on automated
systems. Ultimately, shifting from oil dependence requires transforming renewables from
policy-guided price followers to technology-backed market anchors—a transition demanding
flexible regulations and shared risk frameworks across stakeholders.

It should be noted that we have previously conducted a qualitative discussion on the phe-
nomenon explanation and transmission mechanism of the impact of international oil price
jumps on China’s new energy. We did not quantitatively isolate the specific contributions of
mechanisms such as policy inertia and supply chain resilience due to the lack of high-frequency
policy data. Quantitative methods such as MIDAS, a mixed data sampling approach, merit
further investigation as a means of incorporating low-frequency policy variables like feed-in
tariff adjustments into a more granular analysis. In addition, this study focuses exclusively on
China’s new energy industry given its unique market-policy dual structure. Future research
could expand this framework to cross-national panel data, comparing the heterogeneity of oil
price volatility transmission across different regulatory regimes to enhance the generalizability
of the findings.
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