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Non-linear dynamics of oil supply news shocks*

Mirela Miescu! Haroon Mumtaz * Konstantinos Theodoridis $

September 4, 2024

Abstract

This paper employs Threshold (T)VAR models to investigate the asymmetric impact of oil supply
news shocks, analysing variations in both the size and direction of the shocks. Our findings reveal
that large and adverse oil shocks exert a stronger effect on real activity, labour market indicators, and
risk variables compared to small and favourable shocks. Interestingly, we observe no asymmetry in
the response of prices and monetary policy to oil shocks of different magnitudes and signs. Using a
theoretical nonlinear model and predictive prior analysis, we demonstrate that search and matching
labour frictions cause the risk of becoming unemployed to increase after an oil shock. This rise in
unemployment risk triggers strong precautionary savings motives, which increase with the size of the
shock, leading to asymmetric responses in real economic and labour market variables, whereas price

indicators and the policy rate do not exhibit such nonlinearities consistently with the empirical findings.

1 Introduction

Oil price fluctuations are often large and unpredictable, marked by sudden rises and falls. Given the
global nature of oil trading, these disruptions impact numerous sectors of the economy across different
nations, making them crucial for scholars, policymakers, and industry stakeholders worldwide. In recent
decades, major economic shocks like the 2008-2009 recession and the COVID-19 pandemic, coupled with
frequent significant fluctuations in oil prices, have attracted considerable attention towards the impacts of
large macroeconomic shocks. During a speech at the Money Marketeers of New York University in July
2023, Christofer J. Waller contended that ”Big shocks travel fast,” suggesting that they instigate changes
in economic behaviour not typically associated with smaller shocks. Consequently, an ongoing debate
exists regarding whether the magnitude (large versus small) and direction (increases versus decreases in
oil price) of oil fluctuations propagate differently throughout the economy. This emphasizes the critical

need to address this research gap.
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In this paper, we show that the size and direction of oil supply news shocks are important factors that
affect real activity, labour markets, and risk premiums in the U.S. By using Threshold (T)VAR models
designed to address the asymmetries resulting from shocks of different sizes (size asymmetry) and signs
(sign asymmetry), we provide novel insights into the non-linear dynamics of oil supply news shocks in the
U.S. Our empirical results are reinforced by a theoretical framework that combines search and matching
frictions with Epstein-Zin preferences and mechanisms that give rise to “concerns” of the oil the shock
having a long-lasting effects on productivity (i.e. the probability of a rare disaster becomes a function of
the size of the shock).

We find that big oil shocks, which increase oil prices by 50%, exert a stronger effect on real economic
activity compared to smaller shocks (which lead to a 10% increase in oil prices). Additionally, adverse
shocks that increase oil prices have a more contractionary effect than shocks causing oil price drops.
Interestingly, our findings do not uncover evidence of size and sign asymmetry in the response of financial
conditions, prices and monetary policy to oil supply shocks. This result initially appears surprising,
given the existing literature suggesting a recessionary effect of oil shocks stemming from the endogenous
response of monetary policy to the inflation induced by the shock (Bernanke et al., 1997, Leduc and Sill,
2004, Bodenstein et al., 2011 and Miyamoto et al., 2024). In other words, conventional wisdom would
suggest that the asymmetries in economic activity result from a larger increase in the policy rate due to

higher inflation pressure induced by a larger oil shock.

Conversely, we find significant sign and size asymmetry in the impact of oil shocks on labour market
indicators and risk measures. The unemployment rate displays a more substantial increase after large
shocks compared to smaller ones. Similarly, adverse oil shocks leading to price increases have a more
detrimental effect on unemployment rates than those causing price decreases. Job vacancies decrease more
in response to large adverse shocks, while the probability of finding a job shows stronger non-linearities in
response to large shocks but is less affected by small shocks, regardless of their sign. A positive correlation
between unemployment and job separation following oil shocks is observed, with stronger effects noted

for large adverse shocks compared to small favourable shocks.

Finally, risk indicators increase more following large and adverse oil shocks, aligning with studies em-
phasizing the importance of time-varying risk premia for generating significant fluctuations in aggregate
quantities and labour market dynamics (Basu et al., 2021, Kehoe et al., 2023 Meeuwis et al., 2023).
Several sensitivity checks demonstrate the robustness of the results across various dimensions, including
the use of an alternative instrumental variable, model specification, and extending the sample period to

include the Covid-19 period.

This paper brings three main contributions to the literature. First, we introduce a novel algorithm de-
signed to estimate a Bayesian TVAR model, employing instrumental variables for identification purposes.
This model offers a comprehensive framework for elucidating various forms of asymmetries. These include
sign asymmetry, which addresses the differential impact of shocks with distinct signs, such as those influ-
encing oil prices positively versus negatively; size asymmetry, which accounts for variations in the effects
of shocks of differing magnitudes; and state-dependency, reflecting shifts in shock effects under different

economic conditions, such as different oil price regimes. Moreover, our model incorporates state-of-the-art



techniques for identifying oil shocks using instrumental variables. Specifically, we detect oil supply shocks
by employing the instrumental variable developed by Kénzig (2021), which exploits high-frequency fluc-
tuations in oil price futures around OPEC announcements to pinpoint exogenous changes in oil supply.
Lastly, the preference for the TVAR model over alternative models is justified for two additional reasons.
Firstly, it avoids the use of censored data for analyzing sign and/or size asymmetry, a practice shown to
yield invalid estimates by Kilian and Vigfusson (2011a). Second, the TVAR model circumvents the cri-
tique put forth by Gongalves et al. (2022), who demonstrate that in cases where the state of the economy
is endogenous, the local projections’ estimator of the response function tends to be asymptotically biased,

except for the impact response.

The paper’s second contribution involves presenting original evidence regarding the effects of oil shocks of
varying magnitudes and signs. To our knowledge, this study is the first to examine the asymmetry in the
transmission of oil shocks of different sizes. This addresses a significant gap in the literature, particularly
given the growing interest among researchers and policymakers in understanding the role of shock size in
the propagation mechanism of economic disturbances, as highlighted in Waller (2023) and Cavallo et al.
(2023). Regarding sign asymmetry, there exists a longstanding tradition of analyzing the differing impact
of oil price increases versus decreases, initiated by Hamilton (1983) and Mork (1989). However, this topic
is still highly debated, as evidenced by studies like Hamilton (2011b) and Kilian and Vigfusson (2011a),

and the empirical support for this mechanism remains unclear, calling for additional evidence.

The third contribution of this paper is the theoretical model and the application of predictive prior analysis
to identify the structural features that explain the observed patterns of nonlinearities in the data. We
develop a New Keynesian (NK), Dynamic Stochastic General Equilibrium (DSGE) model incorporating
search and matching frictions (endogenous job separation), recursive (Epstein-Zin) preferences, limited
information on the persistence of oil disturbances, and a rare disaster mechanism where the probability
of a rare disaster is a function of the oil shock’s size. The lack of nonlinearities in the price and external
finance cost indicators complicates the ex-ante selection of a suitable model consistent with these stylized
facts. Consequently, we developed a comprehensive structural model and used predictive prior analysis

to isolate the mechanisms that could explain the empirical findings.

Our analysis indicates that search and matching (SaM) frictions and real wage rigidity are critical for our
structural model to replicate the nonlinearities observed in the data. This finding, consistent with the
works of Petrosky-Nadeau and Zhang (2017), Petrosky-Nadeau et al. (2018), Mumtaz and Theodoridis
(2020a), Pizzinelli et al. (2020) and Bernstein et al. (2024), underscores the importance of real labour
market frictions in generating substantial nonlinear data dynamics. The model demonstrates that precau-
tionary savings are the driving force behind these observed nonlinearities. As Bernstein et al. (2024) and
Bernstein et al. (2024) explain, SaM frictions create employment risk, which escalates with the number of
job seekers, particularly after an adverse oil supply shock. This risk is further compounded by endogenous
separation (Gnocato, 2024) and firing costs, as firms are less inclined to post new jobs due to the costs
associated with the incomplete adjustment of the real wage to the fall in productivity, leading to fewer
vacancies and increased job competition. In response to these risks, employed individuals increase their
desire to save, and we demonstrate that the magnitude of the oil shock directly correlates with the inten-

sity of this desire. The absence of instruments for transferring consumption across time results in lower



real interest rates needed to mitigate precautionary motives. In our analysis, we leverage the difference
between the responses of the probability of becoming unemployed, consumption, and real interest rates

to large and small oil shocks to gauge the degree of precautionary savings.

Two additional factors further strengthen the nonlinearities induced by SaM friction: the complementar-
ity between oil imports and the value-added used to produce the final output and monetary policy actions.
As explained by Gagliardone and Gertler (2023) and Lorenzoni and Werning (2023), low elasticity sub-
stitution enhances the sensitivity of inflation responses to oil shocks and, consequently, to the policy rate.
Furthermore, inertia in the Taylor Rule and the ability of the monetary authority to deviate unexpectedly
from its reaction function make an adverse oil shock extremely costly following an unanticipated policy
tightening, which is further endogenised by agents when they decide about the degree of hedging needed

to ensure themselves from these risks.

Section 2 relates our study to the existing literature and highlights our contributions. Section 3 reviews
the empirical model employed in this study and provides information regarding the estimation of the
model and the identification of the oil news shock. Section 4 presents the empirical results, while Section

5 reviews the DSGE model and discusses the simulation results. Finally, Section 6 concludes.

2 Relation to the literature.

From an empirical perspective, we link to the literature that examines the asymmetric impacts of shocks
of varying sign and magnitude. Studies such as Barnichon et al. (2022), Forni et al. (2024), and Mumtaz
and Piffer (2022) focus on financial shocks, while Barnichon and Matthes (2018), Angrist et al. (2018),
and Debortoli et al. (2020) investigate monetary policy shocks. Additionally, Barnichon et al. (2022)
study fiscal shocks, De Santis and Tornese (2023) analyze energy shocks in the Euro area, and Fasani
et al. (2024) explore inflation target shocks. Like our study, these papers provide evidence supporting the

presence of size and sign asymmetry in the transmission of macroeconomic shocks.

Of particular relevance to our research are contributions investigating non-linearities, especially sign asym-
metries, in the transmission of oil shocks. Hamilton (2003) proposes a flexible approach to characterise
the nonlinear relation between oil price changes and GDP growth, while Balke et al. (2002) and Hamilton
(2011b) use US data to support the sign asymmetry of oil shocks. Conversely, Kilian and Vigfusson
(2011b), Herrera and Karaki (2015), Kilian and Vigfusson (2017) argue against the presence of such
non-linearities. Additionally, Herrera et al. (2011) and Herrera et al. (2015) provide further support for
a linear relationship between aggregate activity and oil price shocks in the US and OECD countries.
We contribute to this literature by offering novel empirical support to the existence of both size and sign
asymmetry in the transmission of oil shocks. To that end, we employ state-of-the-art empirical models and
identification strategies that address criticisms raised about previous results (see Kilian and Vigfusson,
2011a and Gongalves et al., 2022).

Closer to our analysis, Forni et al. (2023) brings evidence in favour of sign asymmetry in the effects of
oil supply news shocks in the U.S. They use a non-linear Proxy VAR identified with the instrumental
variable proposed by Kénzig (2021), similar to our identification approach. However, our study diverges

by employing a different empirical model that accommodates the size asymmetry of shocks and state



dependency in the results. Additionally, we extend the analysis by exploring the effects of oil shocks on a
large number of variables, which helps us refine the non-linear transmission mechanism of oil shocks and
incorporate asymmetries observed in labour market dynamics and risk premia. Importantly, we provide

a theoretical framework to support our empirical findings.

From a theoretical perspective, our study is related to the literature that uses DSGE models to understand
the transmission of oil supply shocks to the economy and the contribution of the monetary policy shaping
these dynamics (Blanchard and Gali (2007), Leduc and Sill, 2004, Bjgrnland et al., 2018 and Gagliardone
and Gertler (2023) among others). Our work differentiates from this literature along two (not necessarily
mutually exclusive) dimensions; we focus on the nonlinear transmission of the oil new shocks and identify
how the contribution of precautionary saving motives, which are absent in the above studies, shape agents’

responses.

We contribute to the literature which illustrates that DSGE models augmented with SaM frictions are
capable of producing highly nonlinear dynamics (Petrosky-Nadeau and Zhang (2017), Petrosky-Nadeau
et al. (2018), Mumtaz and Theodoridis (2020a), Pizzinelli et al. (2020) and Bernstein et al. (2024) among
others) and, consequently, push the criticism rose after the Great Financial Crisis that structural models

are incapable of producing events such as the Great Recession.

Our work relates to the literature that augments a textbook SaM DSGE model with mechanisms that give
rise to time-varying risk premium to avoid being subject to Shimer (2005) criticism (Hall (2017), Kilic and
Wachter (2018), Kehoe et al. (2023), and Meeuwis et al. (2023) among others). The model developed in
this paper builds on this literature and, consequently, successfully replicates the (conditional) correlation
among unemployment, vacancies and job-finding rates. Similarly, we also contribute to the research field
that explains how nonlinear structural models with homoskedastic shocks can generate time-varying higher

moments (see Mumtaz and Theodoridis (2020a) and Cacciatore and Ravenna (2021) among others).

Finally, our study also relates to the Heterogenous Agents (HA) models literature, where unemployment
fears within an imperfect insurance environment trigger substantial precautionary saving motives, which
are (mostly) absent from the Representative Agent (RA) models and could make adverse economic out-
come severely worse than predicted by the RA models (see Ravn and Sterk (2017), Den Haan et al. (2018),
Challe (2020), Ravn and Sterk (2021) and Gnocato (2024) among others).

3 Empirical Model

Our empirical model is a Bayesian Threshold Proxy VAR that extends the proxy BVAR proposed in
Caldara and Herbst (2019). We consider the following VAR (P) model:

M
Y, = Z; (BjXt)L(St=7)+u (1)

where Y; is a N x 1 vector of endogenous variables, X; = [V/ {,..,Y/ 5,1]" is (NP +1) x 1 vector of
lagged regressors in each equation and Bj,j = 1,..M denotes the N x (NP + 1) matrix of coefficients

B; = [Bij,..., Bpj,cj|. The baseline empirical specification includes six variables: the real price of oil,



world oil production, world oil inventories, world industrial production, US industrial production, and

the US consumer price index (CPI). The error covariance of the VAR model is given by:
M
var (ug) = Xy = ZI(St =7) 0% (2)
j=1
3.1 Regime Switching

The indicator variable Z (S; = j) equals 1 when regime j is active. As described below, the model that

fits the data best features three regimes which are defined as:

St =1<= 6t,d < o* (3)
S =2<+= 0" >0,_q > 0" (4)
St =3<<= 0p_q>0" (5)

The threshold variable 6, is the annual growth in real oil price o;. This choice is partly motivated by earlier
studies that emphasise the importance of increases in the oil price relative to previous highs (see for e.g.
Hamilton, 1996). The structure in equations 3 to 5 implies that the dynamic relationship between the oil
market and the economy is allowed to change if the difference in o; relative to its past exceeds unknown
threshold values. Regime 1 represents a state where oil price inflation is low, while the intermediate
regime (regime 2) is defined so that oil inflation lies between the two thresholds o* and o**. Regime 3
is a state characterised by larger oil inflation values. Note that this model allows for regime-dependent
dynamics and features non-linearities associated with size and signs of shocks. For example, large shocks
that push the system from Regime 1 to Regime 2 or 3 can have different effects from shocks where the
dynamics of Regime 1 apply. The importance of the magnitude of changes in the oil price is also implied
by the DSGE model described in Section 5 below. Note also that the lag or delay in the threshold variable

d; is treated as an unknown parameter and is allowed to take on values d; = 1,2, ..., 6.

3.2 Identification and Generalized Impulse Responses

The time-varying covariance matrix of the reduced form residuals u; can be written as:
5 = (Asq) (Arg)’ (6)

where A; is a lower triangular matrix with time-varying elements and ¢ is a column of the family of
orthogonal matrices of size N, satisfying ¢'q = Iy. By considering all possible values of ¢, the matrix A;q
spans the space of all possible contemporaneous matrices. The structural shocks of the VAR model ¢; are
defined as

et = A tlut, (7)

where Ag; = A;q. Following Kénzig (2021), we identify an oil supply news shock. Without loss of
generality, we assume that this is the first shock €1, in the N x 1 vector of shocks ; = [e14,€.¢], where €4

contains the remaining N — 1 elements in ;. To do this, we employ an instrument m; described by the



following equation:
my = Ber +ovg, v~ N(0,1) (8)

where E (vie) = 0. The instrument is assumed to be relevant (8 # 0) and orthogonal to other structural
shocks (E (me.1) = 0). In our benchmark model, we employ the instrument constructed by Kénzig (2021),
which is based on variations in oil futures prices around OPEC announcements. The relevance of the
instrument can be empirically evaluated by calculating the reliability statistic of Mertens and Ravn (2013)

which is defined as the squared correlation between m; and e1;:

2 B

T ©)

p

It is clear from Equation 8 that the relevance of the instrument is assumed to be fixed over time. This is
a convenient feature of the model because it implies that shifts in relevance do not drive changes in the
impulse response functions across regimes but reflect changes in the dynamic relationship between the

endogenous variables included in the model.

As for the impulse responses, when considering non-linear models, the appropriate measures to use are
the generalized impulse response functions (GIRF), as described by equation 10 (see Koop et al., 1996).
In a non-linear model, the GIRFs cannot usually be expressed in a closed form. Instead, their effects
depend on the size and sign of the shock, as well as the historical context, requiring the use of simulation

methods.

GIRF(k, Uy e, Y2 ) = E(Yipn | O, Y2 1 €5 = Ay'u®) — E(Yi 0 | 04, Y72 ) (10)

where WU, denotes all the parameters and hyper-parameters of the model, k is the forecasting horizon under
consideration, S = 1,2,3 denotes the regime. Equation (10) characterizes the GIRF as the difference
between two conditional expectations, one in which we condition on the structural shock e;, and one in

which we assume the shock to be equal to zero.

3.3 Estimation and model specification

The model is estimated using Bayesian methods. The appendix provides details on the Gibbs sampling
algorithm. The algorithm exploits the fact that conditional on the value of the thresholds o* and o**,
the model collapses to a sequence of Bayesian Proxy SVARs. The conditional posterior distributions of
Bayesian Proxy SVARs have already been derived by Caldara and Herbst (2019), and their algorithm can
be applied to the regime-specific models. The thresholds are sampled from their conditional posteriors
using a Metropolis Hasting step.'

We select the type and number of regimes using predictive density (see Geweke and Amisano, 2010). Let
M = M denote the benchmark model, a fixed coefficient BVAR. We consider three alternative models
(denoted by Mj): a threshold BVAR with two oil price regimes, a threshold BVAR with three oil price
regimes, and a threshold BVAR with three boom-bust regimes.”

!The algorithm is also related to the one used by Mumtaz and Petrova (2018) for time-varying proxy VARS
2The boom-bust regimes are computed using the US Industrial production as the threshold variable.



For each model M = My, M1 we compute:

T—h

logp (Zr|Zs, M) = > logp (ZisnlZ) (11)
t=S+1

where log p (Z;41|Z:) denotes the predictive likelihood of a variable of interest, h = 3 is the horizon of the
forecast and t = S+ 1,...,T — h is the evaluation period for S < T'. The models are first estimated using
the training sample 1974m1-2003m12. The posterior predictive density of the growth of US industrial
production and CPI is constructed for a horizon of 3 months and the predictive likelihood is evaluated.?
The estimation sample is then moved forward by one month, and the posterior distribution of the model
parameters and the forecast is re-estimated. This recursion continues until the end of the effective sample
in 2017.

Figure A3.1 illustrates the cumulative difference in the predictive likelihoods between the three regime-
switching models in M; and the linear VAR model My over the evaluation sample. Several noteworthy
observations emerge from this figure. Firstly, it is evident that regime-switching models incorporating oil
price regimes outperform the fixed coefficient alternative across all three variables. Secondly, the model
with three oil price regimes (represented by the solid black line) exhibits superior performance in terms
of industrial production and CPI compared to the model with two oil price regimes (represented by the
dashed red line). Consequently, the three oil price regimes model is preferred as the benchmark over the
two regimes model. Furthermore, when comparing the three oil price regimes model to other regime types,
such as boom-bust regimes (represented by the dashed blue line), the oil price regimes model outperforms
both US IP and CPI. Thus, the regime-switching model with three oil price regimes is selected as the
baseline. However, the appendix demonstrates that the results from the two regimes model are similar to

the benchmark case.

3.4 Data

The empirical specification utilized in this study is based on the framework established by Kénzig (2021)
and consists of six variables: the real price of oil, global oil production, global oil inventories, global

industrial production, US industrial production, and the US consumer price index (CPI).

In order to obtain a more comprehensive understanding of the non-linear relationship between oil supply
news shocks and the overall macroeconomy, we investigate the impact of these shocks on various additional
variables. These include labour market indicators, housing prices, risk measures, productivity, prices, and
short and long-term interest rates. Additionally, we construct a composite risk premia index by principal
component analysis using several risk measure indicators available for our sample. These indicators
include the 10-year term premium, U.S. Consumer Confidence Index, Macroeconomic Skewness, Excess
Bond Premium (EBP), the GZ Spread, Recession Risk Index, and the Macroeconomic Uncertainty Index
by Jurado et al. (2015) (JLN). A detailed explanation of these variables, their transformations, and their
respective sources can be found in Table A3.1. We introduce one additional variable at a time to the

baseline VAR model to generate impulse responses for the expanded model.

$We use a nonparametric kernel density to evaluate p (Z;1n|Z:) .



The variables are at a monthly frequency and cover the sample from January 1974 to December 2017. The
sample excludes the Covid-19 period, which might cause parameter instability, but we show the robustness
of our results to extend the sample to May 2023. We use a shorter sample for identification from April
1983 to December 2017 due to the instrument availability. The motivation for using a longer sample for
estimation is to get more precise estimates of the reduced-form coefficients. The VAR is estimated in log

levels, and the lag length is set at 12.

4 Results

Our findings are presented in four subsections. The first subsection introduces the oil price regimes that
have been identified using the TVAR model. In the second subsection, we provide evidence supporting
the presence of non-linearities in the transmission of oil supply shocks. This is demonstrated by two
key observations: (i) the effects of oil supply shocks vary depending on the regime, with stronger effects
observed during periods of high oil prices, and (ii) larger magnitude shocks and positive shocks (i.e.,

shocks that lead to an increase in oil prices) result in more pronounced effects.

In the third subsection, we further enhance our understanding of the non-linear characteristics of oil shocks
by examining a broader range of variables. These encompass labour market indicators, risk measures,
productivity, short and long-term yields, stock prices, and house prices. Lastly, we assess the robustness

of our results across various dimensions in the final subsection.

4.1 Oil price regimes

As outlined in Section 3.1, the TVAR model identifies three distinct oil price regimes, which are visually
represented in Figure A4.1. These regimes are determined based on the threshold variable, specifically
the year-on-year growth in real oil price at time ¢ — d. The purple bands indicate periods when oil price
inflation remains below the threshold level o*, referred to as the low oil price regime. Regime 2 represents
an intermediate state characterized by oil price inflation between the thresholds o* and o**. Finally, the
red bands indicate the high oil price regime, where the change in oil price relative to its past surpasses
the high threshold level o**.

The median estimates for the two threshold levels (0o* and 0**) are -2.9% and 20.3%, respectively. The
delay parameter (d) has a median estimate of one month, suggesting that the economy transitions into
the high oil price regime immediately after breaching the threshold. These oil price regimes identified by
the empirical model align with significant historical oil events documented in the literature (Hamilton,
2011a, Kilian and Murphy, 2014, and Baumeister and Kilian, 2016).

Specifically, for the high oil price regime, we highlight (i) the OPEC crisis in 1979-1980, which resulted
in a substantial oil price surge; (ii) the sharp increase in oil prices during the Persian Gulf War in the
early 1990s; (iii) two episodes of a significant oil price surge, one in 2002-2003 due to the Iraq war and
civil unrest in Venezuela, followed by another from 2003-2008 associated with global economic expansion;

and (iv) the Libyan crisis in 2011, which led to an increase in oil prices.

The low oil price regime is characterized by: (v) a sustained decline in oil prices in the early 1980s



attributed to Volcker’s contractionary monetary policy and the subsequent recession that reduced oil
demand and prices; (vi) a historically low oil price period caused by the Asian financial crisis; and (vii)
a decline in oil prices during the Global Financial Crisis due to a contraction in demand for industrial

commodities.

The intermediate regime, indicating moderation in oil prices, is observed between the two OPEC crises
in the 1970s, between the Global Financial Crisis and the 2015 decline in oil prices, and as a transitional

period between the low and high price regimes.

4.2 Baseline model results

In this section, we report the non-linearities observed in the transmission of oil supply news shocks by

reporting the Generalized impulse responses.

Regime dependence. We commence our investigation by examining regime-dependent impulse re-
sponses. Although these responses are not the primary focus of our analysis, it is important to highlight
and explain them. This is because the size and sign asymmetry, which constitute the central focus of
the paper, are influenced by the shock’s ability to transition the economy between different regimes.

Consequently, if there were no regime dependency, neither size nor sign asymmetry would manifest.

Figure A4.2 illustrates the impulse responses of variables in the baseline model to a 10% increase in the
oil price index attributed to an oil supply news shock. It presents the median responses for low (black
line), moderate (blue line), and high (red line) oil price regimes alongside 68% confidence bands. The
observed responses align qualitatively with findings from Kénzig (2021), indicating a decrease in global
oil production, increased oil inventories, and reduced global industrial production. Notably, the moderate
and high oil price regimes experience more significant contractions in oil production and global and U.S.
output compared to the low regime. The shock induces higher inflationary pressures in the U.S. within
the moderate oil price regime compared to the low and high one, suggesting that the pass-through from

oil shocks to prices is stronger if the shocks occur in times of relatively stable oil prices.

Figure A4.3 illustrates statistically significant differences in responses across the three states for oil pro-
duction, oil inventories, and global and US output, supporting the hypothesis of a non-linear transmission
mechanism of oil supply shocks. Surprisingly, price reactions are statistically significant only when com-

paring the moderate oil price regime to the low one.

Size and sign asymmetry. Next, we explore the impact of the size and sign of the shock as sources of
non-linearity. We aim to determine whether large oil shocks, which lead to an increase in the oil prices by
50%, lead to different economic consequences compared to smaller ones, which result in a 10% price hike.*
Additionally, we investigate whether there is an asymmetry in the transmission of adverse (positive) oil
shocks, raising oil prices by 10%, compared to their negative counterparts, which decrease oil prices by

the same amount.

4We opt to calibrate the size of the large shock to 50% since, as illustrated in Figure A4.1, fluctuations in oil price growth
exceeding 50% are relatively common, accounting for approximately 13% of all occurrences.
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Figure 1 compares the responses to large shocks (blue line) versus small shocks (red line) in the first
column and positive shocks (green line) versus negative shocks (red line) in the second column for the
baseline model. For ease of comparison, all shocks are normalized to increase the real price of oil by
10%. The results suggest that larger oil shocks have more pronounced recessionary effects compared to
smaller shocks. Similarly, adverse shocks that increase oil prices lead to recessionary effects of a stronger

magnitude compared to shocks decreasing oil prices.

Interestingly, the response of prices to oil supply shocks does not seem to be significantly influenced by
the sign and magnitude of the shock. This observation is further supported when examining the posterior
difference of the impulse responses between Large minus Small shocks (third column) and Positive minus
Negative shocks (fourth column), revealing significant non-linearities in the reaction of output to oil supply
shocks but not in the response of prices. This observation differs somewhat from the conclusions of Forni
et al. (2023), De Santis and Tornese (2023), and Cavallo et al. (2023), who indicate that prices may be
influenced by the size and/or sign of supply-side shocks. However, it’s important to acknowledge that
these studies utilize different empirical models, analyze different types of shocks and countries, or employ

different samples and data.

4.3 Oil shocks non-linearities and the U.S. economy

This section aims to identify the strategic variables responsible for the non-linear transmission of oil
supply news shocks to the U.S. real activity. We examine the existence of size and sign asymmetries in
the transmission of oil supply news shocks to a large set of variables, including nominal indicators, labour
market metrics, risk factors, stock prices, house prices, and total factor productivity (TFP). We find the
significant size and sign asymmetries in the labour market and risk variables, while no such patterns are

evident in the other sectors analyzed.

Nominal indicators. Asymmetric responses of prices to supply-side shocks of varying magnitudes and
signs can trigger asymmetric reactions in output. This can occur through a more aggressive response
of monetary policy to large and adverse oil price shocks, which drive price increases, compared to small
shocks or shocks that decrease prices. To ensure this channel’s relevance is not omitted in our analysis,
we examine several additional nominal variables, including the Producer Price Index (PPI), Personal
Consumption Expenditure (PCE) price index, inflation expectations, short- and long-run interest rates,
and Nominal Exchange Rates (NEER). Results depicted in Figure A4.5 confirm that the asymmetries
observed in the real economy do not stem from a greater increase in the policy rate, as one might anticipate

if prices surged significantly following a major oil shock.

Labor market dynamics and risk indicators. We will now examine the presence of asymmetries
within our primary variables of interest, namely risk premium and labour market indicators. Our goal is
to ascertain whether the observed non-linear patterns in real activity can be attributed to a mechanism
combining the asymmetric reactions of risk and labour market indicators to oil shocks of varying signs

and magnitudes.

Figure 2 examines the existence of size and sign asymmetry in labour market dynamics. It is evident that
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unemployment demonstrates significant non-linear behaviour following oil shocks, with a more substantial
increase observed in response to large shocks (first column, red line) compared to smaller ones (first
column, blue line). Similarly, albeit to a slightly lesser extent, we observe asymmetry in response to
shocks of different directions; adverse shocks that increase oil prices (second column, red line) have a
more pronounced detrimental effect on the unemployment rate compared to those that decrease oil prices

(second column, blue line).

Similarly, real wages appear to contract more after a large than a small oil shock, while sign-related
nonlinearities materialise a year after the shock takes place, but they last significantly longer than those

related to the size.

Furthermore, we find significant non-linearities in the responses of job vacancies and the probability of
job finding to the oil shocks as well. Specifically, vacancies decrease more in response to large and adverse
(positive) shocks. Conversely, the probability of finding a job displays stronger non-linearities in response

to large shocks but is less affected by small shocks, regardless of their sign.

Finally, we document a positive correlation between unemployment and job separation following oil shocks,

with stronger effects recorded for large and adverse shocks than small and favourable shocks.

We now explore whether the observed risk indicators display asymmetric responses to oil shocks. Before
proceeding, it is crucial to clarify the interpretation of these indicators. In the next section, we demonstrate
that external finance cost measures (for households, firms, and the government), which serve as proxies
for financial frictions, do not exhibit significant (size or sign) non-linearities. Therefore, we consider these
indicators as measures of uncertainty or asymmetry of risk regarding future outcomes. They influence
consumption, investment and employment hiring decisions without causing a non-linear impact on the

financial sector’s functionality or arising from impaired capital markets.

Following the approach outlined by Meeuwis et al. (2023), we construct a composite risk premia index by

combining existing risk measures (refer to Section A3.1 for details).

In Figure 3, we present the non-linearities detected in the composite risk measure, as well as in two ad-
ditional risk indicators: Macroeconomic Skewness and the JLN Macro Uncertainty. The findings support
the existence of both sign and size asymmetries in the response of risk premia to oil shocks. Conse-
quently, the risk increases more significantly following large and adverse shocks compared to small shocks

or favourable shocks that decrease oil prices.

In summary, our analysis reveals asymmetric reactions to oil shocks in both risk premia and labour
market indicators. These findings imply that these channels may significantly contribute to the observed

non-linearities in real economic activity.

4.4 Additional results and robustness checks

We provide additional evidence to dismiss the significance of other channels as primary contributors to the
asymmetries observed in our analysis. Figure A4.6 demonstrates that Total Factor Productivity (TFP)
and house prices have minimal influence on the asymmetric transmission of oil shocks to real economic

activity. Furthermore, we investigate the response of Excess Bond Premium and stock prices to explore
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the potential amplification mechanisms of oil shocks asymmetries through financial frictions. Additionally,
we analyze the stock prices of the automotive sector to determine if there is a reallocation effect away from
industries that heavily consume energy (e.g., motor vehicles) following an oil price increase, as suggested
by Hamilton (1988) and Davis and Haltiwanger (2001). No sign and size asymmetry is detected in these

variables either.

Furthermore, we also highlight the presence of asymmetries in additional labour market indicators. Specif-
ically, Figure A4.4 illustrates that employment in full-time positions decreases more following large adverse
oil shocks. Interestingly, a contrasting trend is observed in part-time employment, which sees an increase
following adverse oil shocks, with larger magnitudes observed for both large and adverse shocks com-
pared to small or favourable ones. This suggests a potential reallocation effect from full-time to part-time

positions.

Real personal income displays (size and signs) nonlinearities to oil news shocks, a finding consistent with

results about wages and labour market variables discussed earlier.

Finally, we assess the robustness of our results by (i) adopting an alternative identification for the shock
using the oil supply shock identified by Baumeister and Hamilton (2019); (ii) extending the sample up to
May 2023; (iii) using high reliability prior for the instrument; and (iv) using CPI inflation regimes instead
of oil price regimes. Figure A4.7 demonstrates that the size and sign asymmetry detected in response to

oil shocks of U.S. real activity, but not in prices, survives these additional checks.
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Figure 1: Size and sign asymmetry in the baseline model variables to oil supply news shocks. Large
vs. small (first column) and positive vs. negative (second column) oil supply news shocks are reported.
Large shocks increase oil prices by 50%, while small shocks increase oil prices by 10%. For positive and
negative shocks, small shocks are considered (10% shock size). The third and fourth columns display the
distribution of the difference between impulse responses for Large minus Small and Positive minus Negative
shocks, respectively. Solid lines represent medians, while shaded areas represent the corresponding 68
credibility sets. All responses are normalized to increase the real price of oil by 10% on impact. The IRF's

are expressed in percent.
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Figure 2: Size and sign asymmetry for selected labour market variables to oil supply news shocks. The
additional variables are added to the baseline model one at a time. Large vs. small (first column) and
positive vs. negative (second column) oil supply news shocks are reported. Large shocks increase oil prices
by 50%, while small shocks increase oil prices by 10%. For positive and negative shocks, small shocks
are considered (10% shock size). The third and fourth columns display the distribution of the difference
between impulse responses for Large minus Small and Positive minus Negative shocks, respectively. Solid
lines represent medians, while shaded areas represent the corresponding 68 credibility sets. All responses
are normalized to increase the real price of oil by 10% on impact. The IRFs are expressed in percentage
points except for wages which are in percent.
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Figure 3: Size and sign asymmetry for selected risk variables to oil supply news shocks. The additional
variables are added to the baseline model one at a time. Large vs. small (first column) and positive
vs. mnegative (second column) oil supply news shocks are reported. Large shocks increase oil prices by
50%, while small shocks increase oil prices by 10%. For positive and negative shocks, small shocks are
considered (10% shock size). The third and fourth columns display the distribution of the difference
between impulse responses for Large minus Small and Positive minus Negative shocks, respectively. Solid
lines represent medians, while shaded areas represent the corresponding 68 credibility sets. All responses
are normalized to increase the real price of oil by 10% on impact. The IRFs are expressed in the following
units: index units for PCA risk, Skewness index, and the JLN macro uncertainty index, while EBP is
expressed in percentage points and Recession risk in percent.
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5 DSGE Model Analysis

In this section, we review the model developed to help us understand the transmission mechanism of the
stylised facts discussed in the previous section. Briefly, the model presented here can be viewed as an
extension of the work by Blanchard and Gali (2007) allowing for: i) recursive preferences, ii) search &
matching frictions, iii) “concerns” of permanent terms of trade deterioration that depend on the magnitude

of the adverse news oil supply shock.

5.1 A Model with Epstein-Zin Preferences and Search & Matching Frictions

Households: The economy is populated by a continuum of households (h € [0,1]) that attain utility
from consumption Cy (h) and leisure 1 — Ly (h), where L; (h) denotes the fraction of the household that
is employed. Household’s preferences are separable

l—0oc

(émhy—mzq)

w(Ci(h), Zs Lu () = e o

.Lt(h)1+aL
14+ o0p

(12)

where o, is the inverse of the Frisch elasticity, o¢ stands for the inverse of intertemporal elasticity of
substitution and Z; denotes the non-stationary productivity process (the tilde indicates that the variable

is non-stationary)

Z
Ty = = = Z(Zy_)P7 e+ (13)

Zi1

where Z is the steady-state value of the productivity growth, p, indicates the degree of persistence and
0, is the standard deviation of the productivity growth process. Furthermore, households have recursive
preferences (Epstein and Zin, 1989, Weil, 1989, 1990)

Vi) = (Coh) Zo L)) + 5 (B (') (14

The attractive feature of Epstein-Zin preferences is that the coefficient of relative risk aversion decouples
from the intertemporal elasticity parameter. The parameter v illustrates the degree of agents’ desire
for an early resolution of uncertainty over future consumption. Household maximises its utility function

subject to its budget constraint which is:

BECy (h) + DtRih) +T; (h) = PEWiLy (h) + (1 = Ly (h)) PY By + Dy (k) + 24 () (15)

where P, is the price index, D, (h) is the one-period risk-free government debt, R; is the return on
investing on the government debt, W; stands for the real wage, T} (h) is the lump sum taxes, B, is the
unemployment benefit and =, (h) denotes firms’ profits. This optimisation problem delivers (after some

substitutions) the labour supply

XoZi 7 (L (h))7* (ét (h) — bé’tfl)ac +B =W, (16)
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and the consumption Euler equation

1 G, (h)—bCi i\ BC ANTs
7= BE: ~t( ) o ~(t; (Etthﬂv) o Vi (17)
¢ Ciy1 (h) — bCy Py

If the stochastic discount factor is defined as:

-
v Cy(h)—bChy ) ©
Mt—H = AR 1 (ét( )(h) _ gél> 5 (18)
then the former equation becomes:
1 M1
— — BE 19
Rt B t Hgl ( )

Labour Market: The existence of a real SaM friction in the labour market (Mortensen and Pissarides,
1994) prevents all job-seekers (Ut =1- (1 — 5N,t) Lt—l) from being matched with vacancies (Y¢) posted
by firms and they end up unemployed (u; = 1 — L;). The matching technology is described by the following
Cobb-Douglas function:

My = pUufr; " (20)

while the probability of filling the vacancy is given by

M
T ¢
Qt Tt ( )
and the probability of finding a job by
M
U ¢
Qt Ut ( )
employment evolves according to
L= {1 —dns(an)} (Li1 + QL i) (23)
where the separation rate
Ont (@) = OF + (1= 0% ) Oz (Gr) (24)

has an endogenous dy; and endogenous component 0% According to the endogenous component of the
job separation rate
5N,t =P (Oét > @t) =G (O_ét) (25)

the match is destructed if the relation of the idiosyncratic productivity shock oy exceeds a a;. G («)
denotes the log-normal cumulative distribution function with parameters o, 0o+ and density g. The

log (0a,t) follows an AR process

log (T) = pylog (Ja’t1> + OoWo (26)

e Oa
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Firms, in order to be able to hire a worker, need to post a vacancy, and this incurs a cost
\Ijh,t = IﬁJthTt (27)

Following most of the literature, we assume that the vacancy posting cost is linear (Mortensen and

Pissarides, 1994). Firing also incurs a cost to the corporates

Uiy = rp W (28)

Aggregate Value Added Producer: The final good is produced via the following production function

7= [/Olﬁmesl dfrl (29)

where e denotes the elasticity of substitution between differentiated intermediate goods (f € [0 1]). The

Yi(f) = (Pt]éf))_a Y, (30)

demand for intermediate goods

results from profit maximisation and the assumption that the final good producer operates under perfect

competition.

Value Added Producers: Similar to Krause and Lubik (2007) and Krause et al. (2008) we assume
that there is a continuum of firms (f € [0, 1]) that post vacancies, combine employment, fixed capital and

employ the following technology:

) = L) [ et
Qg ,t
= ZL() H (ag) @1

to produce the intermediate good. These producers solve a two-stage problem. In the first stage, taking the
wage and the cost of filling a vacancy as given, they decide how many vacancies to post, the productivity

cut-off value and people to employ. These choices result from the maximisation of their profit function:

_ MCGirij (f) Yerj (fa0) = o Lowi (F) 57, Wee (@) T2k de — RXK
EpY  Myy;B —tnZerj Terj () — (1= 0%) Oneej (Lt+j—1 + Q}E}—j—l’rt-l-j—l) kg Zee W

= #0015 (1) { (1= 0%) (1= dargm1) [Lewgmt (F) + QF s () Yerymt (D] = Ly (1)
(32)
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with respect to employment delivers the relative price of good Y; (f) summarised by the following equa-

tions:

I

ét == MCtZtH (O_ét> - E
t

W

(I =6%)0N+1

+BE; (1 — dn41) Mg {ét-i-l - (1= omast)
— ONt+1

antHW} (33)

where W; = fgto Wi () 179&“) do
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Q) (1= 0n41)

The combination of the vacancy and employment first-order conditions delivers the job creation condition

MCyi1Zi1 H (Gp41) — Wi

I{th <
= E 1 — 5 M 7 —0x 7 36
Q;r /6 t ( N7t+1) t+1 _‘_’ih%t-!—l _ (1 ijy)éN’H_l I{th+1W ( )
t+1 (1 5Nvt+1)

In the second stage, producers set the price of the intermediate good that maximises their profits. The
optimisation problem, in this case, reflects that prices are set in a staggered manner. This means that
every period a fraction (1 — &) of firms receive a random signal and set prices optimally (PZ (f )) , while
those firms who miss the signal set prices based on a rule of thumb backward-looking indexation scheme

(Pt (f) = H%_llf’t,l (f )) The pricing problem is summarised by the following profit maximisation

max Fy M; t+7 ﬁf)
Pi(f) Z ’

{”fﬂh _ MGy, (f)} Vir (f)] (37)
Py

subject to

—&
- P (f
Yo (f (HHH-] 1Pt> Yii;
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and this results in a system of equations that describe firms’ optimal pricing decisions

€
3 3 T, 3
Kp; = MCY, + BEE M <(HC)TF_LHL> Kppi1 (38)
¢
1
~ > It T
Fpy = Y, + BEE M m Fpii (39)
¢
e Kpy
I = v 40
Pt =1 Fp (40)

e—1
o Ht . = 1—¢
1 = ¢ <(HC)1_‘ Hi_1> +(1—¢) (Tpy) (41)

Final Output: The final good (Xt) producers use the aggregate intermediate value-added good (}7,5)
and oil imports <Ot> and the following technology

Ko
Ho—1 1 po—1 o—1

Ko + qngOt Ho (42)

~ 1~
K= |- 005,

The price of the final good is given by
PE = (1= o) (P)' 7H + o (P71 (43)

where P; and P? are the price indices of the domestically produced and oil-imported goods, respectively.

The profit maximisation problem delivers the demand for value-added

Y, =(1 B
=60 (55) X (44)
t
and oil imports
S o (B
Ot - Qbo C Xt (45)
P

Wage Determination: The wage is determined by solving a Nash bargaining problem between workers
and firms that take place in order to decide how to split the surplus produced by a match see (see
Mortensen and Pissarides (1994) and Krause et al. (2008) among others). To set the problem we need to
define the value of the firm, which can be derived from (?7?) after we use the value of an open vacancy

and the free entry condition:

~ ~ 1—-9%)0 ~
JtF (Oét) = MCtZtOét — Wt (Oét) — ((:[—MﬁthW
) S T (@) =8 —da
+BE; (1= 0n41) M athllfafv)aN’tH (Z +1LV (46)
N (175N,t+1) hias
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where f@d = Z—tt and A; is defined below. On the other hand, the value of an employed and unemployed

worker is given by:

- ~ oo

IV () = Wi(ay) — XOZtl_UCL?L (ét - bét—l)

_ oo a _ ~
+BE:Mi11{ (1= dnt41) / T (a) L_)da + 0N 14 (47)
Q41 - G (Oét+1)

JY = Bi+BE M {ng (1 —0nus1) /_00 I (@) Mé(&mda +[1-Qf (1—dn441)] jtlil} (48)

Q41

and the bargaining problem is described by:

- - JURNG
max (JV = J¢ )" (JF) ! (49)
Wi
The total surplus is defined as:

S = JF 4 JW v (50)
and the solution to the problem is given by:

JF=a-ns (51)
JV = J7 =nS, (52)

Which can be used to derive the Nash wage:”

~ ~ Ty (1 —0%)0ny ~
wiNash = MCyZ Zy— — N/ W
f (ay) 7}{ t4t0¢ + Kp tUt (1 - 5?{[) (1—dny) Ky
», ~71l—oc 7o ~ ~ gc
+ (= {Bi+x0Z Ly (Co—bCia) | (53)
The aggregate Nash bargain wage is given by
= ~ T (1 — 5:]3 ) 6Nt ~
whesh = 9 MC,ZH (o) + kpZy— — NI ZW
t 77{ ' ZiH (o) + Ky, tUt (1 — (5}”\,) (1— 5N7t)f€f t
> ~1—0o o ~ ~ oc
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Similarly to Hall (2005) and Krause and Lubik (2007), we allow for real wage rigidity via the following
norm:

WtNorm<at) — LthNash(at> + (1 _ Lw) WNash(a> (55)

Similarly, the aggregate wage becomes

V:VtNO’"m = LW + (1 —ty) W (56)

5The derivation can be found in Section A2.1
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Finally, we derive the productivity cut-off value using job destruction condition (i.e. Jf (ay) = 0) and

the individual wage Nash bargain equation

=T ® ~l—oc 7o ~ ~ oc
(1 - LwT]) MCttht = LwT]/ithﬁtt + Ly (1 - ?7) {Bt + X()Ztl CLtL (Ct — th_1> }

. 1-6%)0 . Z
+ (1 = 1) W (@) 4+ (1 = 1ym) (= 0%)dwe ]Y) Nt kW — LhTt (57)
(1—dng) Q;
Government: The government in this economy runs a balanced budget:
L. . L - Dy
PG +Di 1+ (1 —-Ly) PB =T + R (58)
t
where G; is government consumption, and g; is the the government share in the economy:
G = gV (59)
that evolves in a stochastic manner:
9t =g+ pg (Gi—1 — g) + 0wy (60)
Monetary policy is set based on the Taylor-type rule:
1L Y,
log(R) = re=prri-1+ (1 —pr)sCalog| =) +¢ylog| = + wrt (61)
II ZY
WRt = PerWRit—1 T ORER: (62)

where II is the inflation target, pgr is the interest rate smoothing parameter, (;j and (y« are the policy

reaction coefficients to inflation and demand growth, respectively.
Aggregation: The aggregated labour quantity demanded by firms is:

1
L= /0 Li (f) df (63)

and it is equal to the quantity supplied by the household due to the flexibility of wages. Using the latter

equation and the intermediate good producer’s production function, we obtain:

. Z,LH (a ZH (a,) L
T i LI (64)
t
o (%) an
where A; denotes the price dispersion, and it evolves as follows:
— II; €
A==+ Ay (65)
t—1
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Finally, using the expression about the aggregate profits and household’s budget constraint, we derive the
market clearing condition:

Z;H (a) Ly ~  ~ = .
St T gat) L Ci +Gy + Yy + (1 - (5}7:\[) 5N,t (Lt—l + Qg_th_l) Kth+jW (66)
t

Signal Extraction Problem: The real price of oil is subject to a measurement error,

log (PtO’ObS) = log (Pto) 4+ Ugbsw?,obs
log (P?) = polog (P2y) + ooy

meaning that agents solve a (Kalman Filter) signal extraction problem to infer the value of wy

5.1.1 Concerns about Long Lasting Term of Trade Deterioration after a Large Oil Supply
Shock

The prospect of a large oil supply shock raises worries about an enduring impact on the competitiveness of
oil-importing nations. For instance, numerous countries, particularly those in the Euro Area, experienced
persistently elevated energy costs for several years following the Russian-Ukrainian war in 2022, surpassing
(by a lot) the levels observed before the Russian invasion. These concerns could still impact agents’
consumption/saving and firms’ hiring/firing decisions even if these concerns are never realised. To capture

these “fears”, we consider two mechanisms in this study.

Rare Disaster Probability Becomes a Function of the Magnitude of the Shock: In the first
case, the model considered in the previous sections is augmented with a “rare disaster” event as in Barro
(2009), Gourio (2012), Isore and Szczerbowicz (2017), Kilic and Wachter (2018) and Fernédndez-Villaverde
and Levintal (2018) (among others).

AlogZ; = (1—pz)(AlogZ —dilogw:) + pzAlog Zi—1 + ozwzy
logwwy = (1 — po)w + pwlogw—1
4 - { 1  with probability 0t
0 with probability 1— g

where d; is an indicator variable that takes a value of 1 with probability g; and 0 with probability 1 — o.

The term log w captures the size of the rare disaster shock.

Similar to Gourio (2012), Isore and Szczerbowicz (2017), Kilic and Wachter (2018), the focus of this study
is to understand the implications of an increase in the probability of a rare disaster and not the adverse
shock per se. However, in our case, the probability is a the function of the observed oil price

1

= 67
¢ 14w e vvlog (Ptoyobs) (o7
C

and not an exogenous auto-regressive process. Similar to Isore and Szczerbowicz (2017), the steady state
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value of the rare probability is ¢ = 0.009 (i.e. v, = 110.1), and the size of the rare disaster has been set
equal to 100log w = 0.22. The (prior mean of the) slope parameter (v,) has been selected to ensure that

the rare disaster increases above 50% after a large shock (i.e. v, = 12.5, Table 4).

Modifying the Signal Extraction Problem: In the second case, the agents cannot infer immediately
whether the increase in the observed oil price is due to a stationary shock or it reflects permanent terms

of trade deterioration:

log (Pto’0b8> = log (Pto) + Alog (Pf) + agbswtovo”s

log (PY) = polog (P_1) + oowy
Alog (PF) = ppAlog (PF) + opw?
AlogZ; = —APP

As mentioned above, the agents do not observe wy ’Obs,wf and w! and they solve a Kalman Filter signal

extraction problem, meaning that the values of Aptp are non-zero until learning is completed.’
5.1.2 Model Risk Measures
Similarly to Kehoe et al. (2023), the Hansen-Jagannathan Bound is used to proxy to

HTB, = ot (Mi41)

Ey (Myy1) (68)

to proxy the (aggregate) price of risk in the economy. Motivated by Gnocato (2024), the probability of

being unemployed the next period

Ri = E; (On 41 (Ger1) (1 — QYy)) (69)

is used to proxy unemployment risk.

5To save space, the results of these simulations are reported in the Online Appendix A2.4, Figure A2.1.
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5.2 Predictive Prior Analysis

Predictive prior analysis is used in this study to identify those aspects of the model’s transmission mech-
anism that could potentially explain the VAR impulse responses and the associated non-linearities.” To
illustrate this point, some additional notation is required, starting by denoting the prior density func-
tion of the DSGE parameter vector by p (6| M). As the impulse responses of the endogenous variables
are a function of the structural parameter vector (IRF'S = f (0| M)) their prior density is defined as
p (ITRFS (0| M)), and it can be derived readily via simulation techniques.® In our exercise, an additional
set of sign restrictions are imposed on the prior distribution of impulse-response functions in the first

period:

e The responses of selected variables to a 1 and 5 standard deviation shocks satisfy specific sign
restrictions (SZ . Table 1)

signs?
e The scaled difference between selected variables between a 5 and 1 standard deviation shock satisfies

sign restrictions (Sggns, Table 2)

Table 1: Sign Restrictions on the Responses

Variable GDP Consumption = Wage  Unemployment Vacancies

Signs - - - + -

Variable | Job Finding  Separation CPI Policy HIB
Probability Rate inflation Rate

Signs - + + + +

Table 2: Sign Restrictions on the difference between Large and Small Shocks Responses

Variable GDP Consumption = Wage  Unemployment Vacancies

Signs - - - + -

Variable | Job Finding  Separation CPI Policy HIB
Probability Rate inflation Rate

Signs - + ? ? +

These simulations deliver the prior distribution of the structural parameter vector, p (H\M, Sfigm, S S[i) gm),

and impulse responses, p <IR.7:S (H\M,Ségns,Sfigns)) that satisfy the conditions reported in Tables 1
and 2.

The purpose of employing prior predictive analysis techniques is twofold. The first objective is to iden-
tify whether the model can reproduce—both qualitatively and quantitatively—the stylised facts studied
earlier. The second, and perhaps a more important goal, is to assess whether the model can replicate
the empirical evidence only for a specific calibration or a wide range of parameters. The latter feature
would maximise the model’s robustness and help us better understand the transmission mechanism that

is consistent with the data.

"See Canova (2005), Traum and Yang (2011), Leeper et al. (2017), Nelson et al. (2018) and Mumtaz and Theodoridis
(2020Db) for recent applications of this technique.

8 All the calculations have been implemented using Dynare 5.6. The codes and model files can be downloaded from the
authors’ personal pages.
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Finally, differences across the p (6| M) and p (9[M,S£gns,8£gns) probability density functions help us
identify those structural parameters that are crucial for the model replicating the data moments (see the

discussion in Mumtaz and Theodoridis (2020b)).

Table 3: Calibrated Parameters

Mnemonic ‘ Description Value
Z Steady State Productivity Growth 1.004
QT Steady State Job Filling Probability 0.700
II Inflation Target 1.006
U Steady State Unemployment Rat 0.060
I3 Time Discount Factor 0.997
€ Intermediate Goods Elasticity of Substitution | 11.00
0% Exogenous Job Separation Rate 0.068
oN Steady State Endogenous Job Separation Rate | 0.100
Lo Mean of idiosyncratic productivity shock 1.000

Table 3 illustrates the parameters that are kept fixed, while Table 4 reports the functional form of the
probability density function and the prior moments (i.e.p (6|M)) of the structural parameter vector. It
should be evident from these tables that the calibration of the moments of the structural parameter vector

aims to capture the wide range of values used in the literature.

Finally, the model is solved using a third-order perturbation approximation (no pruning), and the IRFs
have been derived as (percentage or percentage point) deviations from the stochastic steady-state, which
are produced by simulating the model for many periods after setting the values all structural shocks to

Zero.

5.3 Simulation Results
5.3.1 Assessing Model’s Ability to Replicate the Empirical Evidence

Figure 5 plots the distribution of p (6| M) against p (0|M, SSLl-gns, Sg-gns), the comparison of the two set of
distributions reveals information about the contribution of certain structural parameters meeting the sign
restrictions reported in Tables 1 and 2. Figure 6 displays the prior median of the impulse responses after
one (blue solid line) and five (red dashed line) deviation oil shock; the latter responses are divided by five.
In the absence of economically significant non-linearities, the two responses must lie on top of each other.
Figure 7 illustrates the prior density of the difference between the small and large shock responses, and it
gives a sense of how prominent the nonlinearities are across different draws form p (O\M,Ségns, Sggm).
All three figures reveal many interesting features of the model, which are discussed in the rest of the section.
It is important that the reader keeps in mind that when the text mentions large (five standard deviations)
shock responses, it refers to responses that have been divided by five, so they become comparable to the

small (one standard deviation) shock responses.

From figure 7, it is evident that the nonlinear responses of real economy and labour market variables to
large oil shocks are not always associated with more inflation and, consequently, higher policy rates. It is
important to remind the reader that although the searching algorithm focuses on identifying structural

parameters consistent with the sign restrictions reported in Tables 1 and 2, the responses of inflation and
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policy rates are left unconstrained (together with the real interest rate and unemployment risk variables).
Similar to the empirical findings (Charts 1, 2 and 3), model simulations suggest that the larger adjustments
observed for real economy and labour market variables do not arise from a larger increase in the policy
rate, which would have been expected if prices surged by more after a big oil shock. This exercise acts

implicitly as a “test” assessing the model’s ability to explain the stylised facts.

The fact that the model predictions hold for a large number of different realisations of the structural

parameter vector (i.e. draws form p <9|M,SL sh

signs’ Signs)), and not just for a unique parameterisation,

further enhance the usefulness of the model understand the stylised facts. Importantly, this message is
further reinforced by the significant overlap between p (6| M) and p (9|M, SSLl-gnS, Sggns) (Figure 5), as the
structural model does not need to rely on “exotic” parameter values to replicate the empirical regularities.
In other words, the DSGE model discussed in the previous section contains all the necessary mechanisms

to reproduce the first and higher-order dynamics discussed in Section 4.

Figure 7 also captures the distribution of the magnitude of the nonlinearities produced by the DSGE
L SD

] 31 « 7
Signs). Under some (naive) assumptions and “back to envelope

model given draws form p <0|M, Ssigm,
calculations regarding the type and frequency differences of the variables entering the empirical and
structural models, the size of the nonlinearities observed in the data (Figures 1 and 2) are well captured
by the model simulation. This informal metric could also be used to infer the model’s ability to reproduce
complicated data patterns. These results align exceptionally well with the findings of Petrosky-Nadeau
and Zhang (2017), Petrosky-Nadeau et al. (2018), Mumtaz and Theodoridis (2020a), Pizzinelli et al. (2020)
and Bernstein et al. (2024), indicating that models featuring SaM frictions are capable of replicating severe

data non-linearities.

The model successfully replicates the (conditional) negative correlation among unemployment, job-finding
probability, and vacancies. It is known from the work of Hall (2017), Kilic and Wachter (2018), Kehoe
et al. (2023) that textbook SaM models augmented with mechanisms that can induce significant time-
variation in risk premia can reproduce the dynamics of unemployment, job-finding rate and vacancies
observed in the data, and consequently, not being subject to Shimer (2005) criticism. Similar to Kehoe

et al. (2023), the Hansen Jagannathan (HJ) bound — i.e. the ratio of the conditional standard deviation

ot(Mi11)
E¢(Miy1)

price of the risk in the economy. Figure 6 plots the pointwise mean of the responses of the HJ bound after

of the stochastic discount factor to its conditional mean < )f is used in this study to proxy the
a small (blue solid line) and large (red dashed line) oil news supply shock, indicating that the price of
risk rises for a protracted period (i.e. well beyond the horizon restricted by the prior predictive analysis

of one quarter).

Finally, the model successfully reproduces the conditional positive correlation between unemployment
and the job separation rate. A recent study by Meeuwis et al. (2023) utilises US administrative data on
worker earnings to illustrate that an uptick in risk premia correlates with an increased job separation rate,
which is also what it is observed in the data after a news oil supply shock (Section 4). The model allows
for endogenous separation and, for reasons explained in the following section, replicates the increase in

both the price of risk and job-destruction rate after an adverse shock.
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5.3.2 Economic Intuition

As explained by Auclert et al. (2023), a recession in an otherwise standard representative agent New
Keynesian DSGE model (such as Blanchard and Gali, 2007) after an oil supply shock is induced by
monetary policy response to the inflation. The empirical evidence discussed in Section 4 make clear that
the more severe impact on the real economy and labour market variables after a larger shock cannot be

associated with higher inflation and, consequently, the higher policy rate response.

From the discussion so far, it should be clear that the responses of the real interest rate and expectation
of becoming unemployed are also left unconstrained (1 and 2). This feature is emphasised here as the
behaviour of these variables turns out to be the most important ones in understanding the transmission

mechanism.

As illustrated by Bernstein et al. (2024) and Bernstein et al. (2024), SaM frictions create employment
risk, which increases with the number of job seekers. For example, a negative oil shock reduces economic
activity below its potential, increasing unemployment and higher competition for scarce jobs. As it is
explained by Gnocato (2024), this channel is further enhanced by the endogenous separation mechanism,
which further diminishes the likelihood of securing employment, intensifying employment uncertainty and

contributing to heightened economic volatility.

Charts 6 and 7 illustrate that the larger the shock is, the higher the risk of becoming unemployed in
the near future and, consequently, the higher the desire to save against these adverse events. Due to the
absence of assets in this model to facilitate consumption smoothing across time, the real interest rate must
decrease to mitigate these precautionary motives, and although the real interest rate decreases (Figure
6), this reduction cannot stop economic activity from contracting. The consumption and real interest
rate subplots of Figure 7 can be seen as the distribution of the size of agents’ precautionary motive as a

function of the structural parameter vector.

In other words, the search and matching frictions give rise to unemployment risks, causing precautionary
motives to arise and economic activity to fall. The magnitude of these effects is positively correlated with
the size of the disturbances. In the next section, it will become apparent that the additional nonlinear
features model (i.e., recursive preferences and concerns of permanent terms of trade deterioration) have
only a limited contribution to the level (i.e., first-order moment) responses, and the major source of

nonlinearities is the SaM frictions.
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Figure 6: IRF Predictive Prior Distribution
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Figure 7: IRF Differences Predictive Prior Distribution
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5.3.3 Sensitivity Analysis

This section aims to identify the (structural) modelling features that give rise to the nonlinearities studied
in the previous sections. It was mentioned on the previous section mentioned that the distribution of
the difference between the large and small shock IRF's provides a summary statistic of the severity of the
nonlinearities for a given distribution of the structural parameter vector (Figure 7). The same metric is

employed here to assess the nonlinear propagation of the oil shocks, as certain features of the model vary.

SaM Frictions: Figure 8 illustrates the importance of the SaM firctions. The distribution of the
IRF difference between large and model shocks has been produced using again the same draws from
P (6 M, Sfigns, Ssll?gm) as in the benchmark model, but now the parameters xj, and sy are not multiplied

by 0.5 for each draw. The blue-solid-circle line is the pointwise mean derived using the benchmark model

(i.e. Figure 7). Figure 8 demonstrates that less pronounced real labour market frictions decrease the

Figure 8: Assessing SaM Frictions
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line displays the pointwise mean. The distributions have been derived using the draws from p <0|M7SsLigns’S£gns

derived using the benchmark model. The x-axis denotes quarters.

severity of the nonlinearities, aligning with the economic interpretation provided in the previous section.
Specifically, lower firing costs make corporations less cautious about engaging in long-term contractual
agreements with households. As a result, the job-finding probability decreases less, mitigating households’
desire for precautionary savings (as reflected in the probability of becoming unemployed, the real interest
rate and consumption responses), which leads to a smaller decrease in real wages. This reduction in the
importance of the precautionary savings channel leads to significant nonlinearities for inflation and the
policy rate (Auclert et al., 2023).
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It is shown in the Online Appendix (Section A2.4, Figure A2.2) that lower wage indexation leads to a

very similar results for the same economic reasons.

Import Oil Elasticity of Substitution: As discussed in Gagliardone and Gertler (2023), strong com-
plementarities between oil imports and value-added output amplify the impact of oil shocks on inflation,
resulting in more substantial increases in policy interest rates (see also Lorenzoni and Werning (2023), for

further discussion). Figure 9 presents the pointwise mean of the distribution of the IRF differences for a

Figure 9: Assessing Oil Import Substitution Elasticity
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benchmark model. The x-axis denotes quarters.

set of i, parameter draws that are 50% lower than the benchmark simulation values (red-dashed line),
those that are 300% higher (red-solid line), and the median from the benchmark simulation (blue-solid-

circle line).”

The simulations demonstrate that as the response of inflation to an oil shock diminishes
with higher values of u,, the precautionary motives weaken due to a subdued policy response, reducing

the economic significance of the nonlinearities.

The Role of Monetary Policy: The previous discussion has not addressed the role of monetary
policy in the simulation results presented in this section. To better understand the contribution of the
monetary authority, we introduce a large oil shock to the economy once again. This time, we compare
how agents respond under two different scenarios: one where there was an unexpected policy tightening
(i.e., a positive monetary policy shock) the quarter before the adverse supply shock, and another where

there was an unexpected policy loosening (i.e., a negative monetary policy shock). It should emphasised

9The full distribution for both exercises can be in the Online Appendix A2.4, Figures A2.3 and A2.4.
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Figure 10: Assessing the Role of Monetary Policy
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distributions have been derived using the draws from p <0|/\/l7 S

that the structural parameters are the same in both simulations and the only difference is due to the state

occurring at the time of the oil shock.

Figure 10 illustrates the distribution of the differences between these two responses. The only variable
displaying no asymmetry around a zero median value is inflation, reflecting the central bank’s determina-
tion to achieve the inflation target. However, price stability comes at a significantly higher cost following
an unexpected monetary policy tightening, primarily due to inertia in the Taylor Rule. This is evident in
Figure 11, where the same analysis is conducted with the interest rate smoothing parameter set to zero

for all scenarios.

The monetary policy authority’s desire to limit interest rate volatility and maximize policy communication
effectiveness can incur substantial costs if the central bank makes a ”mistake.” This is how agents perceive
the monetary policy shock when inflation is on target, and the output gap is zero prior to an unexpected
interest rate decision. Agents, well aware of this aspect of monetary policy, adjust their consumption and

hiring decisions to hedge against this potential outcome.

Additional Simulations: It is illustrated in the Online Appendix A2.4 that altering the way that
permanent productivity deterioration concerns are modelled has a minimal impact on the results (Figure
A2.1), suggesting that this channel plays a minor role in explaining the empirical findings. Similarly,
Epsteing-Zing preferences contribution to the benchmark simulation results is limited (Figures A2.5 and
A2.6). As explained in Rudebusch and Swanson (2012) and Swanson (2021), recursive preferences can be

helpful in matching the second moments of asset prices and risk premia. However, their impact on the
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Figure 11: Assessing the Role of Interest Rate Smoothing
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distributions have been derived using the draws from p (9\/\/1, S ) but this time the values of pr has been set equal to zero.

The blue-solid-circle line is the pointwise mean from Figure 10. The x-axis denotes quarters.

level of aggregate macro variables is limited. Furthermore, a significant degree of consumption smoothing
is assumed in all simulations, in line with the estimated DSGE literature, which mitigates the benefits

arising from using Epstein-Zin preferences.

6 Conclusion

In this paper, we present robust evidence that economic activity, labour market variables and risk in-
dicators respond nonlinearly to oil news shocks, while, price variables, financial cost indicators, and the
policy rate do not exhibit similar asymmetries. To infer these conclusions: i) we rely on a Threshold VAR
model, ii) develop a novel VAR narrative shock identification scheme and iii) employ an extensive data

set. Finally, the empirical results are robust to alternative narrative measures and different samples.

To infer the economic mechanism that explains the stylised facts, we develop an extremely flexible model
NK DSGE model with search & matching frictions, Epstein-Zin preferences and mechanisms that give rise
to concerns of a long-lasting productivity deterioration after adverse oil news supply shocks. We employ
predictive prior analysis to identify the channels required to reproduce the empirical findings. Our analysis
indicates that labour market frictions are needed to reproduce the nonlinear dynamic patterns observed in
the data. These fictions give rise to unemployment risks that trigger strong precautionary savings motives
and increase with the size of the shock, causing the nonlinearities discussed before. The low degree of

oil import substitution elasticity enhances the sensitivity of inflation to the oil shock, together with the
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inertia in the Taylor Reaction that prevents the monetary authority from fully correcting potential policy

mistakes, further strengthening the precautionary motives induced by the risks of becoming unemployed.
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Appendix

Al MCMC algorithm

The model is defined as:

M
Y :Z(Bth)I(St =7)+w (A1.1)
j=1
M
var () =% =Y I(S=j)0%; (A1.2)
j=1
€ = Aa,tlut (A13>
my = Bglt +ov, v~ N(O, ].) (A14)
The regimes are determined as:
Si=1<=0,_qg<0" (A1.5)
S; =2 <<= 0" > 0i_q > 0" (A1.6)
S =3 <= 01_q > o** (Al?)

The covariance between the reduced form residuals and the instrument in regime j can be defined by:

( tt )\Lj ~N(0,L;L)), Lj= ( 4540 ) (A1.8)

Mt b o

where b is a 1 x N vector b = [ B O1x(n—1) } , since

Ujt _ L]‘ Ejt ‘
mjt ’th

To consider the role of the instrument, we follow Caldara and Herbst (2019) and factor the likelihood of
the model as:
p (Yie, m;e| Z) = p (Ve Z) p (e Ve, E) (A1.9)

where Z denotes all parameters and state variables of the model and A; is the lower Cholesky factor of
¥;. Given the conditional normality assumption in equation A1.8, the conditional density p (mj|Yj:, 2)

is also normal with mean p; = Bq’lAj_lut and variance s = o2, where ¢; is the first column of g¢.

As discussed in Caldara and Herbst (2019), p; can be interpreted as a linear combination of the orthog-

onalised residuals Aj_lujt.

Al



Al.1 Priors

1. We use a conjugate prior for the VAR coefficients b; = vec (B;) , 2 implemented via dummy obser-

vations (see Banbura et al., 2010). The same prior is used for the coefficients in each regime.

diag(y101...YNON)

Jp®diag(01...oN)
Onx(P-1)xN S Onpx1

.............. ONxNPt1

YD 1= . ,cmd XDJ = (All())

where 1 to vn denotes the prior mean for the coefficients on the first lag, 7 is the tightness of
the prior on the VAR coefficients, ¢ is the tightness of the prior on the constant terms and N is
the number of endogenous variables, i.e. the columns of Y;. In our application, the prior means are
chosen as the OLS estimates of the coefficients of an AR(1) regression estimated for each endogenous
variable. We use a non-informative prior and set 7 = 1. The scaling factors o; are set using the
standard deviation of the error terms from these preliminary AR(1) regressions. Finally, we set
¢ = 1/1000 in our implementation indicating a flat prior on the constant. We also introduce a prior

to the sum of the lagged dependent variables by adding the following dummy observations:

di <
YD72 _ ag (71/‘5)1\ rYN,U'N)’ XD,2 _ ( (11XP)®dZGQE\“/1/rL1~-~'YN,LLN) Onx1 ) (Alll)

where p; denotes the sample means of the endogenous variables. The prior tightness is A = 10.

2. We assume a normal prior for 8: N(3,V). The prior for o2 is inverse Gamma with mean oo and
standard deviation vy. To set the prior we use a frequentist proxy VAR to calculate the shock of
interest. Denote b_as the OLS estimate of the coefficient of regression of m; on this initial estimate
of the shock. We then set 8 =5,V =0.2,00 = %,vo =0.2.

3. We assume a normal prior for the threshold o*: N (o*, Vi+) where o* is set to the median of annual
growth of oil prices and V,+) equals 100. The prior for o**: N (0**, V,+=) where 0** is set to the 80th
percentile of annual growth of oil prices and V,+) equals 100

A1l.2 Gibbs algorithm
The Gibbs algorithm samples from the following conditional posterior distributions:

Step 1. p (bj|=—p, Y17, m1.7). E_p, denotes all parameters except b. Given a draw of Sy, the data can be

divided into samples corresponding to each regime: Y}, X;, mj;. In each regime, the model can be

Y I X! ;
( j >:< we )w() (AL12)
Mt 0 Mt

written as:

A2



The covariance matrix of the observation equation residuals is:

) Al o
cov [ |2, ) = [ A AGP (A1.13)
mjt

B A B+ 07
where A; is the lower Cholesky factor of ;. This system is conditionally linear and Gaussian. As

m¢ is observed, one can re-write the model using the conditional normal distribution. In particular,

.. . Ujt | —
partition the covariance cov J =_p | as:
™t
J
Ujt | o Ouspu; Ou;em;
cov TEL | = I et (A1.14)
mji qutmjt Omjym;jy
Then
where
; = o (o )_1 m’; (A1.16)
Hjulm = wjem e \9m em i gt :
Q. = 0 —0 (0 )_1 ol
Julm = Cujiug wjzmy \Omgimgy wjtm

The model can be written as a standard VAR

wjtlmje ~ N (0, ujm)

where:
* L !
Yie = Yt = 1 ujm

Thus the conditional posterior for b is normal: N (M, V) where:

M= wee (o) (o))

BN |
Vo= Qum® (x* :):*)

with:
YjTt Xj,t
y* =1\ Ypa1 |.2" =] Xpa
Ypo Xp2

Step 2. p (Zj]EEj,Yl;T,mLT). We follow Caldara and Herbst (2019) and use a Metropolis step to sample

>;. This step is implemented for each regime j

(a) Draw a candidate X; e, from the proposal Q(.) = IW (uj’u}",T] +1T1p — K) The proposal

density is the marginal posterior distribution of the error covariance matrix in the case of a

A3



standard Bayesian VAR in regime j where u} denotes the residuals y;* — ;M with y;* =
Yt
Ypi1 |, Tj denotes the number of observations in regime j, Tp denotes the number of

Ypo
dummy observations and K denotes the number of regressors in each equation.

p(m]',Yj,Enew,E_Ej>
(b) Accept the draw with probability a = min o G new) B 1|. Here p(m;,Y;) denotes the
m;, Y5 X01d: S5
G
joint posterior distribution evaluated in regime j.

Step 3. p(q1|=—q,, Y1.7, m1.7). Following Caldara and Herbst (2019) we use a Metropolis step to sample g; :

(a) Draw a candidate from as qi pew = H%II where z is a N x 1 vector from the A/(0,1) distribution.

P(ml:t‘ylztyql,new75*91
P(ml:t|YI:t7Q1,old75—ql
P (mir|Yir, a1, E—q,) = [T/=1 P (mu| Y, 1 Z) with P (me|Yi, q1,2 ;) ~ N (Bg) A, s, 92) where
A=Y T(8 =4) 0 A

(b) Accept the draw with probability o = min

)) ,1| where

Step 4 p (570\57[5,0]73/1:%77”&1?)- The structural shock of interest 1; can be calculated as e1; = Aiqqu.
Conditional on =_[5,] equation Al.4 is a standard linear regression, so specifying a conditional
Normal-Gamma prior delivers a Normal-Gamma posterior. Particularly, we first draw p (02 \E,[g,g], Yir, mlzT).
Assuming an inverse-Gamma prior, this conditional posterior is also inverse-Gamma. As the prior is
parameterised in terms of mean oy and standard deviation vg, it is convenient to draw the precision
% using Gamma, distribution. Note that 0—12 ~ G (a,b) where a = 4, b = % The parameters of

this Gamma density are given by v1 = 1y + T and s1 = so + 0,0 where 9 = m; — Bey . so can be

calculated as 20¢ (1 + %) while vy = 2 (2 + Z—(S?) . Moreover, assuming a prior for 3|02, E_[80] ~

N(B, V1), the posterior is also conditional Normal p (B|E_[/37U], o, Yip, myr) ~ N (B, V1), where

B=v-1 [Z;‘;l me1r + Zﬁ] and V=V + % Z;le e2,.

*

o
Step 5 p(0+|570+},Y1;T,m1;T). Let of = < n
o

rithm (see Chen and Lee, 1995). We draw a candidate value: o/ ~ N (0771, %,) where o/
denotes the new draw while 0/~! is the previous draw. The acceptance probability is given by
F (Y;]o”, E_Oﬂ) JF (Y, 771, E_0+]), where F (.) denotes the posterior density: F (Y; o, Xi_ 1) o
f(YiloT, Xi_,+)p(oh) where f(.) is the likelihood function. Note that the likelihood function for

the full sample is simply the product of the likelihood in the two regimes. The scale ¥, is chosen

). We draw o' using a random walk metropolis algo-

to ensure that the acceptance rate is between 20% and 50%.

Step 6 p(d|=_g4). Chen and Lee (1995) show that the conditional posterior for d is a multinomial distribu-
tion with probability f (Y;|d;,E_gq) / Zji:’"{ax (Yy|d,2_4), where dpyax denotes the maximum delay

allowed for.
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A2 DSGE Model

A2.1 Derivation of Nash Bargain Wage Equation & Cut-Off Threshold

Notice that

T Zl—oc 1o ~ ~ 7c >
W (e =T = Wila) = x0Z} 7Ly (Co—=bCin) = By

i, { 070 0= i) 2 B0
—{1-QF (1 = 0nu41) — Onyt1 } Jo

W U = Sl—oc ror A ~ 9¢ =

J (o) = J = Wi(oy) — X0Z; Ly (Ct - th—l) — By

(1 - Q?H) (1 - 5N7t+1) f;:;l jtVL (c) %da }

+BEM, 5 5 j
e { —{1= 0N = Qhy (1= dnata) } T

7 ~l—oc ro ~ ~ oc »
T (e = JF = Wi(ar) = xoZ} 7L (Co—bCia) ™ — By

(1= Q) (1= dnan) 37, T (@) = yda }

B M, = b
ok { —{(1=QY) (1= dnarn) } T

7 F T ~l—oc 7o S ~ oc »
IV () =T = Wi(aw) - XOZtl CLy* (Ct - th—l) — By

5 0o FW (a)
+ (1 _ QU) BE; M4 (]' B 5N7t+1) f&t+1 ‘]t+1 (@) 175(at+1)d0‘ (A2.1)
) PEMr C0 ) I
N,it+1) Je41

Using the first-order condition with respect to vacancies, the firm Bellman equation can be rewritten as

. 1-o) Ve - (1—6%) 6N . KnZ
JF (o) = M S g (o) - = ZW + = A2.2
i (o) L t (o) (1=02) (1= o) 17 or (A2.2)
The optimality-sharing condition implies that
W Jv = %jf” (o) (A2.3)
which can be used to simplify the surplus of the worker expression
T () = T = Wi () = x0Z; 7 L7* (Ct - thfl) — B+ (1-QY) 12717 5Tt (A2.4)
i

and to derive the Nash bargain equation
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7 (1-9¢) Y = Ty (1 —0%)dne -
W, = MC~——— + kpZp— — : ke W
1 (o) 77{ t L, ey (1—0%) (1—on0) 24t

+(1—=mn) {Bt +X0Z, 7°L{" <é't - bétq)%} (A2.5)

Finally, we derive the productivity cut-off value using job destruction condition (i.e. Jf (a;) = 0) and

the individual wage Nash bargain equation

(1-6%)0n: 5 knZy
0 = MCZioy — ~——— g ZW + ——
R I A QF
T, (1 —0%) 0Ny ~
= MCiZias — tyn MC:Z, Zy— — ’ W
t 40 LW{ t4i0 1 Kp 7, (1_5%)(1_5]\[’0"5}” t
>, ~1—0o o ~ ~ oc
—lw (1 - 77) {Bt + XOZt1 CLtL (Ct - th—l) }
i~ 1—6% )(5 Hth
— (1 = 1) WNash( —(7 ZW+
(1 1) W) = C B 200+
=T —0 o oc
(1 —twn) MCyZyoy = Lwn&thﬁt + 1w (1 —1n) {Bt + XOZtl CLy*" (C’t — bC’t,l) }
t
. (1-0%)6Nn: = KnZy
+ (1= 1) WNSR(Q) 4+ (1 = 1) —— DLt e Z W — 2L A2.6
(1 ) TP 0) 4 (o) S S 2 =t (420
A2.2 Stationary Equations
1—0
(Con) e
L) = — A2.7
u (Ct, Ly) 1— o0 X01+UL ( )
v — 1—v
Vi=E; (Vt-i-lrz}+10>
L1
Vt = V;li“/
Vi =u(Cy, L) + BV (A2.8)
o thl oc E
YoN7* Gy~ h= +B=W, (A2.9)
t
YO | PR Ai41
ARt 22 W) A2.10
RA =# At ( )
1 Cr—ht \77 =
— —F : EV) TV
rA T (ctﬂrt+1 —hC; | T ( P+l > t+
Ct - hCIt171 e 1 1— 1
M1 =F £ EV. 7 TV A2.11
i+1 13 (Ct+1rt+1 _ th HtJrl ( tVit1 ) t+1 ( )
1 My
— = BE
Rfl B th—f—l

A6



@t == MCtH (@t) ——W Norm

(1= 0%) ON,t+1

+BE: (1= 0n41) Misa {@t+1rt+1 — (1= owest)
—ONt

/ith+1W}

afgj Wi (o) 1_9G(?()1t)da

OH (ay) Py O
_ aé
MCt = Lt _t (1 5N) ([t 1 Qlth_l) Hf[;[r agt,t

40, (1= 0x) [Lot + QF Ty ] 22t

Kh

QFf

(1 —0%)ONt+1

= BE; (1 — 0N p41) Myy1 S Oprleyr — =
(1—dn41)

/ithHW}
P, —H

Yi=(1— o) <Pé’) Xi
t

Po K
Oy = d)o <P)2~> X¢
t

1=(1-¢,)(B) ™" +¢,(P°) "

¢ = (1— ¢,) (LB 1) ™" + ¢, (MOPL,) "

T 1-90n)06

or, Ct—l oc
+(1=n) 9 Bi + xoL{ Ct—bF

t

_ - T (1 —0%) 0Ny
WNaSh — MC.H St N ) %74
t ”{ A [

C\
+(1=mn) {Bt+XDLtJL (Ct—bC:j) }
Iy

WtNorm(@t) _ LthNash(at) + (1 o Lw) WNash(@t)

WtNorm — LWWtNash + (1 _ Lw) WNash

A7

(A2.12)

(A2.13)

(A2.14)

(A2.15)

(A2.16)

(A2.17)



t—1

T o Cra)™
(1= tyn) MCyay = Lwnﬁh(;+bw(1—77){3t+X0LtL <Ot—bcj‘e 1) }

t

I’
1-90%)46
+ (1 = 1) W™ () + (1 = 1) ((1_%:

£
11
Kpy = MCY+ BEE My <C1t—tibﬂ) Kpial'ea
(I1€)" " 1T

e—1
4
Fpy = Y+ BEEM <1_> Fpiyili
(E) 11

= . € KP,t
’ e—1 Fp’t

e—1
10, o
1 = ‘S ((HC)l—L7r H1L511> + (1 - 5) H}Dﬂf

Y;d = Ct + Gt + IihTt + (1 — 5?7\/) 6N,t (Ltfl + QtT—thfl) IifW
v, = AYY

Xt:Pt}/t—i_PtOOt

A2.3 Steady States

We set L =1 —0.06, 6%, = 0.068 and éx = 0.1, which can be used to define

oo
N e
given po = 1 and o, = 0.15 we can derive
a=G ' (0n)

Given a we obtain

a

H(a) = 1_1G(a)earp (Ma + 01) & (Ha + 05 — ln(a)>

The steady value of Y is given by
Y = LH (a)
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From the stochastic discount factor, we obtain

M=T"°¢
From the Philips curve equation, we obtain
d
N
d

e = 1_521

We use the definition of the IIp
p=1

and the PP curve to derive the steady-state value of the marginal cost

MC =< - ! (A2.31)
Then from the price dispersion equation
A=1 (A2.32)
From the marketing clearing condition, we also know that
yi=Y (A2.33)

We use kj, and x ¢ to match the steady state the hiring and firing cost as a percentage of the GDP, meaning

that the steady-state value of consumption can be derived from
C=Y -G—rp Y —(1-0%)on (L+QYY) kW (A2.34)

The value of © is derived by the job creation condition

_ K (1—6%) 6N
© = QYB(1—én)MT + (1= on) kITW

_ Kp (1—0%)6n (L+ QYY) kW YT
© = ot (1—ox) MT % o) (L @™ (A2.35)

The aggregate wage can be derived using the demand for labour schedule

W = MCH(a)+{B(1—0dny) MT —1}© — BM (1 - 6%) dnkTW
(1-0%)0n (L+ QYY) kW BMTY
Y L+QYY

W = MCH(a)+{8(1—-6éy)MI-1}0 —

(A2.36)
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From the aggregate Nash bargain wage we derive xq

= _ T (1-6%,)on

(1—n)Ler [C(1-£)]°¢

Xo = (A2.37)

While the individual Nash bargain wage

U (1-6%)(1—én
+(1—n){B—%X0L”4%7(1—-?)}00} (A2.38)

T 1—-0%)0
whash (q) = n{MC’o‘z—i—%h— ( N)on )/-ﬂfW}

From the demand for value-added v
X = A2.39
s ( )

And the demand for oil 5

=T y
© 1_¢o

(A2.40)

A2.4 Additional DSGE Simulations

This section contains the simulations discussed in the main text, but the charts have not been included

there to save space.

Modifying the Signal Extraction Problem: As explained in Section 5, two approaches are used
to capture ”elevated concerns” about a permanent effect on productivity following a severe adverse oil
news shock. In this section, we review the results by replacing the rare disaster mechanism with a
Kalman Filter extraction problem. Similar to the benchmark case, predictive prior analysis is employed
to derive a distribution of the structural parameters that meet the restrictions outlined in Tables 1 and
2. Figure A2.1 illustrates the size and type of nonlinearities produced by the structural model for a
given distribution of the structural parameter vector. The comparison of Figures A2.1 and 7 reveals
no substantial differences, indicating that the benchmark results are not sensitive to the modelling of

permanent productivity deterioration concerns.

Lower Wage Indexation: The degree of wage indexation has been decreased by 20% in this simulation
exercise. With the risk for entrepreneurs incurring the cost of maintaining an unproductive workforce sig-
nificantly reduced, they become less cautious about engaging in contractual agreements with households.
This reduction in caution decreases the risk of becoming unemployed, mitigating precautionary savings

motives and leading to milder effects from large oil shocks on economic activity.

Import Oil Elasticity of Substitution: Figures A2.3 and A2.4 illustrate the sensitivity of the bench-

mark results to the degree of oil import substitution elasticity.
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Figure A2.1: Concerns of a Permanent Productivity Loss: Kalman Filter
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L SD
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). The x-axis denotes quarters.

Expected Utility Preferences: The importance of the recursive preferences is assessed in this simu-
lation exercise. Figure A2.5 suggests that the contribution of using Epstein-Zin preferences is minimal.
The benchmark preferences seem to affect only the tails of the distribution associated with the worst

outcomes. To illustrate this point, we rely on the Kelly skewness. which is defined as

Qoo (p (TRFS; ; (0| M))) + Q10 (p (TRFS; ; (0| M))) — 2Qs50 (p (ZRF S5 (0| M)))
Qoo (p (ZRFS;; (0| M))) — Q10 (p (ZRF S5 (0| M)))

skew; ; = (A2.41)

where Q,, denotes the o quantile of the of the distribution p () of a variable i for a horizon j. Figure A2.6

illustrates that recursive preferences skew the distribution of the large shock IRFs to the worst outcomes.
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Figure A2.2: Assessing Wage Indexation
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Figure A2.3: Assessing Oil Import Substitution Elasticity: High Elasticity
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Figure A2.4: Assessing Oil Import Substitution Elasticity: Low Elasticity
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Figure A2.5: Assessing Recursive Preferences
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Figure A2.6: Kelly Skewness of the large shock IRFs
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A3 Predictive Likelihoods

Figure A3.1: Performance of benchmark model relative to a range of alternative specifications

U.S. industrial production U.S. CPI
T T T r o T
50 [~ I
180 — I
45 - B X
160 — I
40 — —
140 — -
35— ﬁ |
120 — I
30 =
100 [ LTS 7
5 ™
25— I
80 — I
—Three oil price regimes
4 Two oil price regimes
------- Three Boom Bust Regimes 60 _
15— -
40 — I
10 — I
-5 oa _
DT e
sk |
-20 [~ I
! ! L ™ e !
2010 2015 2005 2010 2015

The figure illustrates the cumulative difference in predictive likelihoods between the three regime-switching models
in M; and the linear BVAR model in M over the evaluation sample. Positive values indicate that the alternative
models outperform the linear model. These alternative models include three oil price regimes (solid black line),
two oil price regimes (dashed red line), and three boom-bust regimes (dashed blue line). A higher value for the
predictive likelihood indicates better performance of the respective alternative model.
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Figure A3.2: Performance of benchmark model relative to a range of alternative specifications
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The figure illustrates the cumulative difference in the joint predictive likelihoods for US IP and CPI, between the
three regime-switching models in M7 and the linear BVAR model in M, over the evaluation sample. Positive values
indicate that the alternative models outperform the linear model. These alternative models include three oil price
regimes (solid black line), two oil price regimes (dashed red line), and three boom-bust regimes (dashed blue line).
A higher value for the predictive likelihood indicates better performance of the respective alternative model.

A4 Additional results

A1l6



Si=1 <= 0,_4<0"
-St =2 < 0;_4>0" and 0;_4 < 0**

[e]

(o]

N

N

o

100
0
0
0
0

20

40

‘ -100

|

H

-60

-80

1975 1980 1985 1990 1995 2000 2005 2010 2015

-St =3 < 0,4 > 0"

Figure A4.1: The figure presents the estimated oil price regimes identified by the three regimes TVAR
model. The black line represents the annual growth rate of real oil price. The purple, grey, and red bands
correspond to sub-periods characterized by low, moderate, and high oil price regimes. These regimes are
defined based on a state where the threshold variable, i.e., the oil price growth in period t — d, falls below
or exceeds the critical thresholds o* = —2.9% and o™ = 20.3% in the Threshold VAR model.
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Figure A4.2: The figure displays the impulse response functions of the variables in the baseline model to
an oil supply news shock, which is normalized to cause a 10 percent increase in the real price of oil on
impact. The solid lines represent the median IRFs in the low oil price regime (black line), moderate oil

price regime (blue line), and high oil price regime (red line). The shaded areas and dashed lines indicate
the 68 percent credibility sets.
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Figure A4.3: The figure presents the differences in the IRFs across oil price regimes in the baseline model.
The oil supply news shock is normalized to cause a 10 percent increase in the real price of oil on impact.
The solid lines represent the median differences between the moderate and low oil price regimes (black
line), high and low oil price regimes (red line), and high and moderate oil price regimes (blue line). The
shaded areas and dashed lines indicate the 68 percent credibility sets.
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Figure A4.4: Size and sign asymmetry for additional labor market variables to oil supply news shocks.
Large vs. small (first column) and positive vs. negative (second column) oil supply news shocks are
reported. Large shocks increase oil prices by 50%, while small shocks increase oil prices by 10%. For
positive and negative shocks, small shocks are considered (10% shock size). The third and fourth columns
display the distribution of the difference between impulse responses for Large minus Small and Positive
minus Negative shocks, respectively. Solid lines represent medians, while shaded areas represent the
corresponding 68 credibility sets. All responses are normalized to increase the real price of oil by 10% on
impact. The IRFs are expressed in percent.
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Figure A4.5: Size and sign asymmetry for additional nominal variables, to oil supply news shocks. The
additional variables are added to the baseline model one at a time. Large vs. small (first column)
and positive vs. negative (second column) oil supply news shocks are reported. Large shocks increase
oil prices by 50%, while small shocks increase oil prices by 10%. For positive and negative shocks,
small shocks are considered (10% shock size). The third and fourth columns display the distribution
of the difference between impulse responses for Large minus Small and Positive minus Negative shocks,
respectively. Solid lines represent medians, while shaded areas represent the corresponding 68 credibility
sets. All responses are normalized to increase the real price of oil by 10% on impact. The IRFs are
expressed in the following units: the rates are in percentage points while the price indexes, exchange rates
and the inflation expectations are in percent.
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Figure A4.6: Size and sign asymmetry for additional variables to oil supply news shocks. Large vs. small
(first column) and positive vs. negative (second column) oil supply news shocks are reported. Large shocks
increase oil prices by 50%, while small shocks increase oil prices by 10%. For positive and negative shocks,
small shocks are considered (10% shock size). The third and fourth columns display the distribution of
the difference between impulse responses for Large minus Small and Positive minus Negative shocks,
respectively. Solid lines represent medians, while shaded areas represent the corresponding 68 credibility
sets. All responses are normalized to increase the real price of oil by 10% on impact. The IRFs are
expressed in percent except for the GZ spread and the 10Y term premium which are in percentage points.
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Figure A4.7: The figure illustrates the difference between impulse responses for large versus small, and
positive versus negative, oil supply news shocks across various specifications. Solid black lines and shaded
areas represent medians and the corresponding 68 credibility intervals in the baseline model. Dashed
green lines depict medians in the model using BH instruments, while blue dashed lines show medians
with a sample including the Covid-19 period up to May 2022. Dashed red lines represent medians in
the model using a high reliability prior for the instrument. All responses are normalized to reflect a 10%
increase in the real price of oil upon impact. The impulse response functions are expressed in percentages.
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Table A3.1: Data series used in the model estimation

Variable name Transformation Source
Instrumental variable: oil supply news shocks none Kénzig (2021)
Real oil price (WTI spot price, deflated by U.S. CPI) logx 100 Kénzig (2021)
World oil production logx 100 Kénzig (2021)
World oil inventories logx100 Kénzig (2021)
World industrial production logx 100 Kénzig (2021)
U.S. industrial production logx 100 Kénzig (2021)
U.S. CPI logx 100 Kénzig (2021)
House price index (Deflated by PCE deflator) logx 100 Haver (ID USFMHPIS@QUSECON)x
PCE deflator none FRED (ID:PCEPILFE)
PCE price index logx 100 FRED (ID:PCEPI)
Producer price index (PPI) logx 100 FRED (ID:PPIACO)
Inflation expectations logx 100 FRED (ID:MICH)
Unemployment rate none Kénzig (2021)
Unemployment rate: full-time workers none Haver (ID:LRFTQUSECON)
Unemployment rate: part-time workers none Haver (ID:LRPT@QUSECON)
Average Duration of Unemployment none Haver (ID:LUADQUSECON )
Employment: full-time (divided by U.S. labor force) none Haver (ID:LEWFTQUSECON )
Employment: part-time workers (divided by U.S. labor force) none Haver (ID:LEWPTQUSECON )
Vacancies (Help wanted index over Labor force) none Barnichon (2010)
Job finding probability none Own calculations based on Shimer (2012)
Separation rate none Own calculations based on Shimer (2012)
U.S. labor force BLS (ID:LNS11000000)
Real wage (Average hourly earnings, deflated by U.S. CPI) logx 100 FRED-MD (ID:CES0500000008)
TFP (Utilisation adjusted) Interpolated to monthly freq. Fernald (2012)
Real personal income logx100 FRED-MD (ID:RPI)
S&P500 logx100 FRED-MD (ID:S&P 500)
Federal Fund Rate none FRED (ID:FEDFUNDS)
10 year zero coupon yield none Adrian et al. (2013)
10 year term premium none Adrian et al. (2013)
U.S. Consumer confidence index logx100 OECD
Macroeconomic Skewness none Iseringhausen et al. (2023)
Excess bond premium none Gilchrist et al. (2016)
GZ Spread none Gilchrist et al. (2016)
Recession risk index none Gilchrist et al. (2016)
JLN Macro Uncertainty standardised Jurado et al. (2015)
VXO logx 100 Kénzig (2021)
Automobiles stock price index logx 100 Kénzig (2021)
PCA Risk none own calculations

Notes.

The table lists the variables included in the empirical application. The house price index series before 1975 is

taken from Fieldhouse et al. (2018). The TFP measure is 1§£erpolated at monthly frequency using Industrial Production.
The PCA Risk measure is computed as the principal component of the eight measures of risk in the Table going from the

10-year term premium to VXO.
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