
E. Robustness of LP Results

E.1. Baseline Results

Figures E.1 and E.2 display the IRFs to an unexpected oil sanction intensity shock for the U.S.

and EU economies, incorporating four lags of the endogenous variables in the LP model (3).

Additionally, Figures E.3 and E.4 present the IRFs from the LP model (3) with a constant and a

linear trend. The results remain robust across these alternative specifications.

Figure E.1: IRFs to an Oil Sanction Intensity Shock for the U.S. Economy: L = 4

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the U.S. economy are
computed using the SLP method (Barnichon and Brownlees, 2019). Apart from incorporating four lags of the
endogenous variables, the estimation follows the same specification as in Figure 12. Black solid lines represent
median responses, while gray-shaded areas indicate the 68% and 90% confidence bands.
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Figure E.2: IRFs to an Oil Sanction Intensity Shock for the EU Economy: L = 4

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the EU economy are
computed using the SLP method (Barnichon and Brownlees, 2019). Apart from incorporating four lags of the
endogenous variables, the estimation follows the same specification as in Figure 13. Black solid lines represent
median responses, while gray-shaded areas indicate the 68% and 90% confidence bands.

Figure E.3: IRFs to an Oil Sanction Intensity Shock for the U.S. Economy: Linear Trend

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the U.S. economy are
computed using the SLP method (Barnichon and Brownlees, 2019). Apart from incorporating both a constant
and a linear trend, the estimation matches the specification used in Figure 12. Black solid lines represent median
responses, while gray-shaded areas indicate the 68% and 90% confidence bands.
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Figure E.4: IRFs to an Oil Sanction Intensity Shock for the EU Economy: Linear Trend

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the EU economy are
computed using the SLP method (Barnichon and Brownlees, 2019). Apart from incorporating both a constant
and a linear trend, the estimation matches the specification used in Figure 13. Black solid lines represent median
responses, while gray-shaded areas indicate the 68% and 90% confidence bands.

Figures E.5 and E.6 present the IRFs to an unexpected oil sanction intensity shock for the

U.S. and EU economies, replacing the WTI spot price with the U.S. crude oil import price and

the Brent spot price with the EU crude oil import price. The U.S. import price is sourced from

FRED (IR10000), and the EU import price from Eurostat (STS.M.I9.N.IMPR.2B0610.4.000),

both of which are manually seasonally adjusted. The results remain robust.
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Figure E.5: IRFs to an Oil Sanction Intensity Shock for the U.S. Economy: Oil Import Price

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the U.S. economy are
computed using the SLP method (Barnichon and Brownlees, 2019). Apart from replacing the WTI spot price with
the U.S. crude oil import price, the estimation specification remains identical to that used for Figure 12. Black
solid lines represent median responses, while gray-shaded areas indicate the 68% and 90% confidence bands.

Figure E.6: IRFs to an Oil Sanction Intensity Shock for the EU Economy: Oil Import Price

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the EU economy are
computed using the SLP method (Barnichon and Brownlees, 2019). Apart from replacing the Brent spot price
with the EU crude oil import price, the estimation specification remains identical to that used for Figure 13. Black
solid lines represent median responses, while gray-shaded areas indicate the 68% and 90% confidence bands.
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Figures E.7 and E.8 present the IRFs to an unexpected oil sanction intensity shock for the

U.S. and EU economies, identified using a Cholesky-ordered SVAR model. The endogenous vari-

ables are ordered as follows: the oil sanction intensity index, recorded world seaborne crude oil

exports, crude oil exports from sanctioned countries transported by dark ships, the WTI spot

price, U.S./EU IP, and U.S./EU PPI.

Our timing assumption holds that an oil sanction intensity shock immediately affects all sub-

sequent variables. Conversely, shocks to recorded world seaborne and dark-shipped oil exports

influence only later variables, without affecting the sanction intensity index contemporaneously.

Overall, the IRFs are less precisely estimated for both economies. For the U.S., the median

responses of the endogenous variables remain largely unchanged from Figure 12. In contrast, for

the EU, the median Brent spot price response is positive for the first three months after the shock,

while the total PPI response remains consistently negative across forecast horizons. However, none

of these differences are statistically significant.

Figure E.7: IRFs to an Oil Sanction Intensity Shock for the U.S. Economy: Cholesky-Ordered
SVAR

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the U.S. economy are
computed using a Cholesky-ordered SVAR model with three lags. The ordering of endogenous variables follows
Figure 12, except that total PPI and IP are switched. Black solid lines represent the median responses, while the
gray-shaded areas indicate the 68% and 90% confidence bands.
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Figure E.8: IRFs to an Oil Sanction Intensity Shock for the EU Economy: Cholesky-Ordered
SVAR

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the EU economy are
computed using a Cholesky-ordered SVAR model with a lag length of three. The ordering of endogenous variables
mirrors that in Figure 13, except that the order of total PPI and IP is switched. Black solid lines represent median
responses, while gray-shaded areas indicate the 68% and 90% confidence bands.

Figure E.9 presents the IRFs to an unexpected oil sanction intensity shock for OPEC countries.

The IRFs are derived using the LP model (3), which includes the following monthly time series:

(i) the sanction intensity index, (ii) crude oil exports from sanctioned countries transported by

dark ships, (iii) OPEC crude oil exports, (iv) OPEC spot crude oil price, (v) OPEC net oil export

revenue, and (vi) OPEC total spare crude oil production capacity. The sample spans January

2017 to December 2023.

Crude oil export data are sourced from the UN Comtrade database (HS code 2709), and spot

crude oil prices are sourced from OPEC’s official website. The monthly OPEC net oil export

revenue series is interpolated using the Chow-Lin method (Chow and Lin, 1971), based on the

annual series from the U.S. Energy Information Administration (EIA) and the monthly OPEC

crude oil export value. Spare production capacity data are also obtained from the EIA.

The oil sanction intensity shock is identified by controlling for two lags of the endogenous

variables, as determined by the HQIC criterion, and estimating the LP model from horizon k = 0.

Similar to the estimation for the U.S. and EU economies, the IRFs are approximated using the

SLP method described in Barnichon and Brownlees (2019).
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Tracing the dynamic responses of OPEC-related variables shows that an unexpected rise in oil

sanction intensity reduces OPEC’s oil export volume, price, and net revenue, though to varying

degrees. Meanwhile, OPEC’s spare production capacity increases, indicating a less tight market

for its oil. As dark-shipped oil exports decline after the sixth month, while OPEC’s oil exports

continue falling, OPEC’s spot crude price rises significantly, boosting net oil export revenue. Spare

capacity remains elevated, reflecting OPEC’s strategy of using supply cuts to restore revenue

margins.

Figure E.9: IRFs to an Oil Sanction Intensity Shock for OPEC Countries

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for OPEC countries are
computed using the SLP method (Barnichon and Brownlees, 2019). Black solid lines represent median responses,
while gray-shaded areas indicate the 68% and 90% confidence bands.

Lastly, Figure E.10 presents the IRFs to an unexpected oil sanction intensity shock for China.

The impulse responses are derived using the LP model in Equation (3), which includes the fol-

lowing monthly time series: (i) the sanction intensity index, (ii) crude oil exports from sanctioned

countries transported by dark ships, (iii) China’s PPI for mining and quarrying, (iv) China’s VAI

for mining, (v) China’s PPI for manufactured, and (vi) China’s VAI for manufacturing, covering

January 2017 to December 2023. All China-related data are sourced from the National Bureau of

Statistics of China.

The oil sanction intensity shock is identified by controlling for three lags of endogenous vari-

ables, as determined by the HQIC criterion, and estimating the LP model from horizon k = 0.
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As shown in Figure E.10, China benefits from reduced costs and increased production in both the

energy (proxied by mining and quarrying) and manufacturing industries.

Figure E.10: IRFs to an Oil Sanction Intensity Shock for China

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for China are computed using
the SLP method (Barnichon and Brownlees, 2019). Black solid lines represent median responses, while gray-shaded
areas indicate the 68% and 90% confidence bands.
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E.2. Propagation Channels

To complement Figures 14 and 15 in the main text, Figures E.11 and E.12 show the full IRFs to an unexpected oil sanction intensity

shock for the U.S. and EU economies, respectively.

Figure E.11: IRFs to an Oil Sanction Intensity Shock for the U.S. Economy: Propagation Channels (Full IRFs)

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the U.S. economy are computed using the SLP method described
in Barnichon and Brownlees (2019). The estimation specifications follow the baseline outlined in Section 5.1 of the main text, with two modifications: (i)
two additional variables – China’s crude oil import price and the U.S. import price for manufacturing goods from China, averaged across NAICS sectors 31
to 33 – are included, and (ii) the total PPI and IP for the U.S. economy are replaced by the PPI and IP for the energy and non-energy sectors. Black solid
lines represent median responses, while gray-shaded areas indicate the 68% and 90% confidence bands.
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Figure E.12: IRFs to an Oil Sanction Intensity Shock for the EU Economy: Propagation Channels (Full IRFs)

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the EU economy are computed using the SLP method described
in Barnichon and Brownlees (2019). The estimation specifications follow the baseline outlined in Section 5.1 of the main text, with two modifications: (i)
two additional variables – China’s total IP and its total import value from the EU – are included, and (ii) the total PPI and IP for the EU economy are
replaced by the PPI and IP for the energy and non-energy sectors. Black solid lines represent median responses, while gray-shaded areas indicate the 68%
and 90% confidence bands.
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Figure E.13 presents the IRFs to an unexpected oil sanction intensity shock for the U.S. economy, using the same model specifi-

cation as Figure 14, except that China’s oil import price is replaced with its total PPI. The monthly series for China’s total PPI is

sourced from the National Bureau of Statistics of China and has been seasonally adjusted.

The results indicate that this substitution has little impact, as China’s total PPI consistently declines across all forecast horizons.

Figure E.13: IRFs to an Oil Sanction Intensity Shock for the U.S. Economy: China’s Total PPI

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the U.S. economy are computed using the same LP model
specification as in Figure 14, with the exception of replacing China’s oil import price with its total PPI. Black solid lines represent median responses, while
gray-shaded areas indicate the 68% and 90% confidence bands.
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Figure E.14 presents the IRFs to an unexpected oil sanction intensity shock for the U.S. economy, using the same model spec-

ification as Figure 14, except that the U.S. import price for China’s manufactured goods is replaced with the import price for all

Chinese products. The monthly series for the U.S. import price of all Chinese products is sourced directly from FRED (CHNTOT) and

has been seasonally adjusted. Once again, the results appear largely unaffected by this variable substitution.

Figure E.14: IRFs to an Oil Sanction Intensity Shock for the U.S. Economy: U.S. Import Price for China

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the U.S. economy are computed using the same LP model
specification as in Figure 14, except that the U.S. import price for China’s manufactured goods is replaced with the import price for all Chinese goods.
Black solid lines represent median responses, while gray-shaded areas indicate the 68% and 90% confidence bands.
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Figure E.15 presents the IRFs to an unexpected oil sanction intensity shock for the U.S.

economy, based on an 11-variable LP model (3). This model extends the ten endogenous variables

from Figure 14 by adding U.S. crude oil exports, using data from the U.S. EIA.

The ten original variables exhibit responses similar to those in Figure 14. U.S. crude oil exports

closely track the WTI spot price, declining sharply in the first six months before stabilizing near

the zero-response line.

Figure E.15: IRFs to an Oil Sanction Intensity Shock for the U.S. Economy: U.S. Oil Exports

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the U.S. economy are
computed using an 11-variable LP model (3), which includes the same ten endogenous variables as in Figure 14 of
the main text, plus U.S. crude oil exports. The model is estimated using the SLP method outlined in Barnichon
and Brownlees (2019). Black solid lines represent median responses, while gray-shaded areas indicate the 68% and
90% confidence bands.
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Figure E.16 compares the IRFs for the U.S. economy with and without two China-related variables – China’s oil import price and

the U.S. import price for Chinese manufactured goods. In the first three months, the median responses of U.S. energy and non-energy

IP are closer to the zero-response lines than in Panels 14b and 14d of the main text. This suggests a positive omitted variable bias,

where lower Chinese import prices support short-term U.S. production.

Figure E.16: IRFs to an Oil Sanction Intensity Shock for the U.S. Economy: With and Without China-Related Variables

Notes. The IRFs to a one-standard-deviation unexpected oil sanction intensity shock for the U.S. economy are computed using both a 10-variable LP model,
as in Figure 14, and a counterfactual 8-variable LP model that excludes the two China-related variables: China’s oil import price and the U.S. import price
for China’s manufactured products. The IRFs are approximated using the SLP method (Barnichon and Brownlees, 2019). The black solid lines represent
the median responses estimated from the 10-variable LP model, with gray-shaded areas showing the corresponding 68% and 90% confidence bands. The
red solid lines show the median responses from the counterfactual 8-variable LP model, while the red dash-dotted and dotted lines indicate the respective
68% and 90% confidence bands.
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