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Abstract

This dissertation essay contains three chapters with empirical analysis on dif-

ferent factors affecting global crude oil price and their impact on the United States 

macroeconomy, with specific focus on supply side of the global oil market.

The first chapter, “How OPEC Oil Shocks Shape U.S. CPI Inflation: Evidence 

from an IV-SVAR Approach”, investigates the transmission of structural global oil 

market shocks to U.S. inflation using an IV-SVAR approach applied to highly disag-

gregated CPI components. We specifically utilize oil supply news shocks—market 

expectations of future OPEC production changes—and find that a news-driven 

10% oil price increase triggers a significant 5% surge in headline inflation. Ana-

lyzing over 55 sectoral indexes reveals that these effects are heavily concentrated 

in energy-related goods, while other components remain muted or respond neg-

atively. We identify consumer budget reallocation as a primary mitigating mech-

anism: households facing rising energy costs shift demand toward more afford-

able alternatives, such as used vehicles and food at home. By employing weak-

instrument robust inference, this study demonstrates that headline inflation dynam-

ics are driven by specific energy sub-components and adaptive consumer behavior 

rather than broad-based sectoral increases.

The second chapter, “The Effect of OPEC Shocks on Producer Prices in the 

United States”, examines how exogenous shocks originating from the Organization 

of Petroleum Exporting Countries (OPEC) influence U.S. producer prices. Using 

an instrumental variable structural vector autoregression (IV-SVAR) framework, I 
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distinguish between two types of shocks: oil supply shocks stemming from OPEC 

production disruptions caused by military or political events, and oil supply news 

shocks capturing changes in market expectations of future production following 

OPEC announcements. My empirical analysis suggests that both shocks signifi-

cantly raise overall producer prices, primarily through higher fuel and power costs. 

The largest effects occur in energy-intensive industries such as chemicals and 

non-metallic minerals, as well as petrochemical sectors like rubber and plastics, 

while other sectors experience relatively muted impacts.

The third chapter, “Shale Boom and the Responsiveness of U.S. Oil Produc-

tion to Global Oil Market Shocks” examines how U.S. oil production responds to 

oil market shocks in a structural vector autoregression (SVAR) framework. Us-

ing recursive setting, three oil market shocks are identified: flow supply shock, 

flow demand shock, and oil specific shock. My empirical analysis suggests that 

U.S. shale production is uniquely responsive, offsetting roughly one-fifth of the ini-

tial decline in non-U.S. output following a negative supply shock. Extending the 

analysis to aggregate production and rig counts from the seven major shale re-

gions reveals qualitatively similar patterns, with drilling activity responding more 

rapidly than output. Additional evidence from drilling, completions, and drilled-but-

uncompleted wells (DUCs) highlights the operational mechanisms underpinning 

production gains, while basin level estimates show that responses are concen-

trated in oil focused regions such as the Permian, Bakken, and Eagle Ford.

3



Artificial Intelligence (AI) Use Disclosure Statement

In the preparation of this dissertation, Artificial Intelligence (AI) tool ChatGPT 

was used for assistance. This tool was primarily used for providing grammatical 

and sentence structure corrections. The author acknowledges full responsibility for 

the intellectual content of this work and has ensured that all AI-assisted sections 

have been reviewed and revised for accuracy and appropriate academic style. All 

AI-generated content was reviewed and validated for relevance, appropriateness, 

and accuracy before incorporation into the final document to maintain the scholarly 

integrity of this research.

4



Digital Accessibility Use Disclosure Statement

In the preparation of this dissertation, the following digital accessibility tools 

were used to ensure this document complies with federal requirements: Adobe 

Acrobat Pro. The author acknowledges full responsibility for the intellectual content 

of this work and has made a good faith effort to comply with digital accessibility 

requirements in publishing, wherein the nature of the content does not significantly 

change in order to do so. Furthermore, all content has been reviewed and revised 

to meet these requirements prior to final publication.

5



Acknowledgments

As I reflect on my Ph.D. journey, I am deeply grateful to the many individu-

als whose guidance, encouragement, and unwavering support made this achieve-

ment possible. As a first-generation college graduate, this journey has been both 

professionally rewarding and personally transformative.

First and foremost, I would like to express my deepest gratitude to my advi-

sor, Dr. Hyeongwoo Kim, for his exceptional mentorship, unwavering encour-

agement, and invaluable guidance throughout my doctoral studies. His support 

has profoundly shaped my growth as both a researcher and an educator.

I am sincerely grateful to my dissertation committee members, Dr. Aditi 

Sengupta, Dr. Tannista Banerjee, and Dr. Gilad Sorek, for their insightful 

comments, constructive feedback, and thoughtful guidance, all of which greatly 

strengthened this dissertation. I also extend my sincere thanks to Dr. Samir 

Huseynov for his careful review and valuable suggestions during the final prepa-

ration of this manuscript.

I would also like to thank the faculty, staff, and graduate students in the Depart-

ment of Economics at Auburn University for fostering a supportive and intellectually 

stimulating environment. I am especially grateful to Dr. Nicholas Ziebarth, Dr. 

Elahe Boskabadi, Dr. Dibyajyoti Sinha, Dr. Bibek Sapkota, and Mr. Pradip 

karki for their friendship, encouragement, and for making my Ph.D. journey both 

enjoyable and memorable.

Finally, I extend my deepest gratitude to my family and friends for their un-

conditional love, unwavering encouragement, and constant belief in me. Their 

sacrifices, patience, and support sustained me throughout this journey, and this 

accomplishment is as much theirs as it is mine. I am especially grateful to my 

grandmother, Shree Tulsa Devi Thapa, whose constant encouragement and faith 

in me inspired me to pursue my dreams.

To everyone who has been a part of this journey, thank you. I will always be 

grateful for your kindness, generosity, and support.

6



Table of Contents

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

Artificial Intelligence (AI) Use Disclosure Statement . . . . . . . . . . . . . . 4

Digital Accessibility Use Disclosure Statement . . . . . . . . . . . . . . . . . 5

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

1 How OPEC Oil Shocks Shape U.S. CPI Inflation: Evidence from an 

IV-SVAR Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.2 The Empirical Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

1.2.1 The IV-SVAR Model . . . . . . . . . . . . . . . . . . . . . . . 17

1.2.2 Identifying OPEC News Shocks . . . . . . . . . . . . . . . . 21

1.2.3 Instrumental Variables as Exogenous Shocks . . . . . . . . . 22

1.2.4 Evaluating the Validity of the Instruments . . . . . . . . . . . 24

1.2.5 Assessing Model Specification using Wald Statistics . . . . . 26

1.3 Empirical Findings and Inferences . . . . . . . . . . . . . . . . . . . 27

1.3.1 Baseline Model Estimations with Headline CPI Inflation . . . 27

1.3.2 Impact on Major Expenditure Categories and Pass-through . 29

1.3.3 The Substitution Effect . . . . . . . . . . . . . . . . . . . . . . 32

7


$z_{N,t}$


$)^'$


$\Delta {prod_{RoW,t}}$


$\Delta {prod_{Conv,t}}$


$\Delta {prod_{U.S. Shale,t}}$


$rea_t$


$rpo_t$


\begin {equation}\label {1} Y_t = A_1Y_{t-1}+A_2 Y_{t-2}++A_3Y_{t-3}...A_pY_{t-p}+\eta _t\end {equation}


$Y_t$


$\eta _t$


$A_i$


\begin {equation}{B_0}{Y_t} = B_1Y_{t-1}+B_2 Y_{t-2}++B_3Y_{t-3}...B_pY_{t-p}+\epsilon _t,\end {equation}


$B_0$


$B_i$


$\epsilon _t$


$\epsilon _t$


$\eta _t = \Theta _0 \epsilon _t$


$\Theta _0$


$E(\epsilon _t) = 0$


$E[\epsilon _t{\epsilon _t^'}] = D$


$(\sigma _1^2, \sigma _2^2,....\sigma _n^2)$


$[\eta _t{\eta _t^'}] = \Sigma = \Theta _0 D \Theta _0^'$


$B_0^{-1}$


$\eta _t$


$B_0^{-1}\epsilon _t$


$B_0^{-1}=\theta _0$


\begin {equation}\label {model} \boldsymbol {\eta }_t \equiv \begin {pmatrix} \eta _t^{\Delta \mathrm {prod}_{RoW,t}} \\ \eta _t^{rea} \\ \eta _t^{rpo} \\ \eta _t^{\Delta \mathrm {prod}_{U.S.\ Conv}} \\ \eta _t^{\Delta \mathrm {prod}_{U.S.\ Shale}} \end {pmatrix} = \begin {bmatrix} b_{11} & 0 & 0 & 0 & 0 \\ b_{21} & b_{22} & 0 & 0 & 0 \\ b_{31} & b_{32} & b_{33} & 0 & 0 \\ b_{41} & b_{42} & b_{43} & b_{44} & 0 \\ b_{51} & b_{52} & b_{53} & b_{54} & b_{55} \end {bmatrix} \begin {pmatrix} \epsilon _t^{\text {Flow Supply Shock}} \\ \epsilon _t^{\text {Flow Demand Shock}} \\ \epsilon _t^{\text {Oil Specific Shock}} \\ \epsilon _t^{\text {Residual Shock 1}} \\ \epsilon _t^{\text {Residual Shock 2}} \end {pmatrix}.\end {equation}


$(b_{12}=b_{13}=0)$


$(b_{23}=0)$


$Y_t$


\begin {equation}Y_t = \sum _{k=0}^\infty C_k (A) \theta _0 \epsilon _{t-k},\end {equation}


$C_k (A)$


$A = (A_1 , A_2,....., A_p)$


$C_k (A) = \sum _{m=1}^k C_{k-m} (A) A_m$


$C_0 (A) = I_n$


$A_m = 0$


$m > p$


$Y_{i,t+k}$


$\epsilon _{j,t}$


\begin {equation}\frac {\partial Y_{i,t+k}}{\partial \epsilon _{j,t}} = {e_i}' C_k(A) \Theta _0 e_j \label {eqn5}\end {equation}


$e_j$


$jth$


$I_n$


$Y_{t+h}$


$h = 0, 1, \dots , H$


$\epsilon _{j,t}$


$j = 1, \dots , n$


$h$


\begin {equation}Y_{t+h} - \mathbb {E}_t[Y_{t+h}] = \sum _{i=0}^{h-1} C_i(A)\Theta _0 \epsilon _{t+h-i} = \sum _{i=0}^{h-1} \Theta _i \epsilon _{t+h-i},\end {equation}


$\Theta _i = C_i(A)\Theta _0$


$k$


$Y_t$


$h$


\begin {equation}\text {MSPE}_k(h) = \sum _{j=1}^n \text {MSPE}_{kj}(h) = \sum _{j=1}^n \left ( \theta _{kj,0}^2 + \cdots + \theta _{kj,h-1}^2 \right ),\end {equation}


$\theta _{kj,i}$


$(k,j)$


$\Theta _i$


$j$


$k$


$h$


\begin {equation}\frac {\text {MSPE}_{kj}(h)}{\text {MSPE}_k(h)}.\end {equation}


\begin {equation}1 = \sum _{j=1}^n \frac {\text {MSPE}_{kj}(h)}{\text {MSPE}_k(h)}. \label {eqn9}\end {equation}


$Y_t$


$h$


\begin {equation}\mathbf {y}_{t}=\left ( \begin {array}{c} \mathbf {x}_{t} \\ {inf}_{t}\end {array} \right ) , \label {12}\end {equation}


$\mathbf {x}_{t}=\left ( \Delta prod_{t},~\Delta rea_{t},~\Delta rpo_{t}\right ) ^{^{\prime }}$


$z_{S,t}$


$\Delta prod_{t}$


$\Delta rea_{t}$


$\Delta rpo_{t}$


${inf}_{t}$


$\mathbf {x}_{t}$


$z_{N,t}$


$\mathbf {x}_{t}=\left (\Delta rpo_{t}, ~\Delta prod_{t},~\Delta rea_{t}\right )^{^{\prime }}$


${inf}_{t}$


$\mathbf {x}_{t}$


$\xi $


$100\%(1-a)$


$CS^{AR}(\Phi _{k,i,1})$


$\xi >\chi _{1,1-a}^{2}$


$z_{S,t}$


$z_{N,t}$


$p$


$\mathbf {y}_{t}$


$z_{S,t}$


$z_{N,t}$


$\Delta prod_{t}$


$z_{S,t}$


$z_{N,t}$


$z_{S,t}$


$z_{N,t}$


$z_{S,t}$


$z_{N,t}$


$z_{S,t}$


$z_{N,t}$


$z_{S,t}$


$z_{N,t}$


$z_{N,t}$


$z_{S,t}$


$z_{N,t}$


$z_{S,t}$


$z_{S,t}$


$z_{N,t}$


$k=0, 3, 12, 50$


$k=0$


$z_{N,t}$


$z_{S,t}$


$k=3$


$k=50$


$z_{S,t}$


$z_{N,t}$


$Y_t$


$(\Delta {prod_{RoW,t}}, rea_t, rpo_t,$


$z_{N,t}$


$z_{N,t}$


$z_{N,t}$


$z_{N,t}$


$z_{N,t}$


$z_{N,t}$


$z_{N,t}$


$z_{N,t}$


$\mathbf {y}_{t}$


$z_{S,t}$


$z_{N,t}$


$z_{S,t}$


$z_{N,t}$


$z_{S,t}$


$z_{N,t}$


$z_{S,t}$


$z_{N,t}$


$k$


$k \in {0, 3, 12, 50}$


$z_{S,t}$


$z_{N,t}$


$k$


$y_{i,t}$


$\varepsilon _{j,t}$


\begin {equation}\Phi _{k,i,j}=\mathbb {E}\left ( y_{i,t+k}|\Omega _{t-1},\varepsilon _{j,t}=1\right ) -\mathbb {E}\left ( y_{i,t+k}|\Omega _{t-1}\right ) =\mathbf {e}{_{i}}^{\prime }\mathbf {C}_{k}(\mathbf {A})\mathbf {\Theta }_{0}\mathbf {e}_{j}, \label {3}\end {equation}


$\mathbf {e}{_{j}}$


$j^{th}$


$\mathbf {I}{_{n}}$


$\varepsilon _{1,t}$


$\Phi _{k,i,1}$


$\Phi _{k,i,1}$


$y_{1,t}$


$y_{j,t},$


$j=2,...,n$


$\mathbf {\Theta }_{0,1}$


$\mathbf {\Theta }_{0}$


$\mathbf {\Theta }_{0}\mathbf {e}_{1}$


$\mathbf {\Theta }_{0,1}$


$z_{t}$


$\varepsilon _{1,t}$


$\mathbb {E}\left ( z_{t}\varepsilon _{1,t}\right ) =\alpha \neq 0$


$\mathbb {E}\left ( z_{t}\varepsilon _{j,t}\right ) =0$


$j\neq 1$


\begin {equation}y_{1,t}=\mathbf {e}{_{1}}^{\prime }\sum _{i=1}^{p}\mathbf {A}_{i}\mathbf {y}_{t-i}+\Theta _{0,1,1}\varepsilon _{1,t}+\sum _{j=2}^{n}\Theta _{0,1,j}\varepsilon _{j,t} \label {5}\end {equation}


$(n-1)$


$y_{j,t}$


\begin {equation}y_{j,t}=\mathbf {e}{_{j}}^{\prime }\sum _{i=1}^{p}\mathbf {A}_{i}\mathbf {y}_{t-i}+\Theta _{0,j,1}\varepsilon _{1,t}+\sum _{q=2}^{n}\Theta _{0,j,q}\varepsilon _{q,t},~j=2,3,...,n \label {6}\end {equation}


$\varepsilon _{1,t}$


$\Theta _{0,1,1}=1$


\begin {equation}y_{j,t}=\Theta _{0,j,1}y_{1,t}+\Xi _{t}, \label {7}\end {equation}


$\Xi _{t}=\sum _{i=1}^{p}\mathbf {\gamma }_{i}\mathbf {y}_{t-i}+\sum _{q=2}^{n}\delta _{j,q}\varepsilon _{q,t}$


$\left \{ \Theta _{0,j,1}\right \} _{j=2}^{n}$


$y_{j,t}$


$y_{1,t}$


$\mathbf {y}_{t}$


$z_{t}$


$\mathbb {E}\left ( z_{t}\varepsilon _{1,t}\right ) =\alpha \neq 0$


$\mathbb {E}\left ( z_{t}\omega _{j,t}\right ) =0$


$j=2,...,n$


$j=1$


$\Phi _{k,i,1}$


$\Theta _{0,1,1}=1$


\begin {equation}\Phi _{k,i,1}=\mathbf {e}{_{i}}^{\prime }\mathbf {C}_{k}(\mathbf {A})\mathbf {\Theta }_{0,1}=\mathbf {e}{_{i}}^{\prime }\mathbf {C}_{k}(\mathbf {A)\Gamma }/\mathbf {e}_{1}^{^{\prime }}\mathbf {\Gamma }, \label {8}\end {equation}


$\mathbf {\Gamma }=\mathbb {E}\left (z_{t}\mathbf {u}_{t}\right ) =\mathbb {E}\left (z_{t}\mathbf {\Theta }_{0}\mathbf {\varepsilon }_{t}\right ) =\alpha \mathbf {\Theta }_{0,1}$


$\mathbf {e}_{1}^{^{\prime }}\mathbf {\Gamma }=\mathbb {\alpha }$


$\hat {\Phi }_{k,i,1}$


$\mathbf {A}$


$\mathbf {\Gamma }$


$z_{t}$


$\mathbf {\hat {u}}_{t}$


$\hat {\Phi }_{k,i,1}$


$\delta $


$z_{t}$


$\hat {\Phi }_{k,i,1}$


$CS^{AR}$


$\alpha _{T}\rightarrow \alpha =0$


$\mathbf {\hat {A}}$


$\mathbf {\hat {\Gamma }}_{T}$


$\mathbf {A}$


$\mathbf {\Gamma }$


$\mathbf {\hat {H}}_{T}$


$2\times 1$


$\hat {\Phi }_{k,i,1}$


\begin {equation}\mathbf {\hat {H}}_{T}=\left [ \begin {array}{c} \mathbf {e}{_{i}}^{\prime }\mathbf {C}_{k}(\mathbf {\hat {A}})\mathbf {\hat {\Gamma }}_{T} \\ \mathbf {e}_{1}^{^{\prime }}\mathbf {\hat {\Gamma }}_{T}\end {array}\right ] , \label {9}\end {equation}


$\hat {\Phi }_{k,i,1}=\hat {H}_{T,1}/\hat {H}_{T,2}$


$\mathbf {\hat {H}}_{T}$


$\mathbf {\hat {H}}_{T}\overset {a}{\sim }\mathcal {N}\left ( \mathbf {H}_{T},T^{-1}\mathbf {\Omega }\right )$


$\hat {\Phi }_{k,i,1}=\Phi _{k,i,1}$


$H_{T,1}-\Phi _{k,i,1}H_{T,2}=0$


\begin {equation}q_{T}(\Phi _{k,i,1})=\frac {T(\hat {H}_{T,1}-\Phi _{k,i,1}\hat {H}_{T,2})}{\hat {\omega }_{T,1,1}-2\Phi _{k,i,1}\hat {\omega }_{T,1,2}+\Phi _{k,i,1}^{2}\hat {\omega }_{T,2,2}}, \label {10}\end {equation}


$\hat {\omega }_{T,i,j}$


$\mathbf {\Omega }$


\begin {equation}CS^{AR}(\Phi _{k,i,1})=\left ( \Phi _{k,i,1}|q_{T}(\Phi _{k,i,1})\leq \chi _{1,1-a}^{2}\right ) , \label {11}\end {equation}


$\chi _{1,1-a}^{2}$


$1$


$(1-a)$


\begin {equation}\mathbf {y}_{t}=\left ( \begin {array}{c} \mathbf {x}_{t} \\ {inf}_{t}\end {array} \right ) , \label {12}\end {equation}


$\mathbf {x}_{t}=\left (\Delta rpo_{t}, ~\Delta prod_{t},~\Delta rea_{t}\right )^{^{\prime }}$


$\Delta prod_{t}$


$\Delta rea_{t}$


$\Delta rpo_{t}$


${inf}_{t}$


$\mathbf {x}_{t}$


${inf}_{t}$


$\mathbf {x}_{t}$


$z_{N,t}$


$z_{N,t}$


$z_{S,t}$


\begin {equation*}\rho _{SN}(j)=\frac {E\left ( \tilde {z}_{S,t}\tilde {z}_{N,t+j}\right ) }{\sigma _{z_{S}}\sigma _{z_{N}}},~j=-12,...,0,..12,\end {equation*}


$\tilde {z}_{S,t}$


$\tilde {z}_{N,t}$


$\sigma _{z_{S}}$


$\sigma _{z_{N}}$


$z_{S,t}$


$z_{N,t+j}$


$j=0,1,...,9$


$j<0$


$z_{S,t}$


$z_{N,t}$


$z_{S,t}$


$z_{N,t}$


$z_{N,t}$


$z_{S,t}$


$z_{N,t}$


$\xi $


$100\%(1-a)$


$CS^{AR}(\Phi _{k,i,1})$


$\xi >\chi _{1,1-a}^{2}$


$\xi =T\hat {\Gamma }_{T,1}^{2}/\hat {W}_{F,1,1}$


$\sqrt {T}\left ( \hat {\Gamma }_{T}-\Gamma _{T}\right ) \overset {d}{\rightarrow }N\left ( 0,W_{\Gamma }\right )$


$z_{N,t}$


$p$


$z_{N,t}$


$z_{N,t}$


$z_{N,t}$


$z_{N,t}$


$z_{N,t}$


$z_{S,t}$


$z_{N,t}$


$k=0, 3, 12, 50$


$k=0$


$z_{N,t}$


$z_{S,t}$


$k=3$


$k=50$


$z_{S,t}$


$z_{N,t}$


$\mathbf {y}_t = (y_{1,t}, y_{2,t}, \dots , y_{n,t})'$


$n$


$p$


\begin {equation}\mathbf {y}_t = A_1 \mathbf {y}_{t-1} + \cdots + A_p \mathbf {y}_{t-p} + u_t, \quad u_t \sim (0, \Sigma _u), \label {eq1}\end {equation}


$u_t$


$\Sigma _u$


$(p$


$\mathbf {y}_{t}=\left [ y_{1,t}~y_{2,t}~...~y_{n,t}\right ] ^{^{\prime }}$


\begin {equation}\mathbf {y}_{t}=\sum _{i=1}^{p}\mathbf {A}_{i}\mathbf {y}_{t-i}+\mathbf {u}_{t}, \label {1}\end {equation}


$\mathbf {u}_{t}=\mathbf {\Theta }_{0}\mathbf {\varepsilon }_{t}$


$n\times 1$


$\mathbf {\varepsilon }_{t}$


$n\times 1$


$\mathbf {\Theta }_{0}$


$n\times n$


\begin {align*}\mathbb {E}\left [ \mathbf {\varepsilon }_{t}\right ] & =\mathbf {0}_{n},~\mathbb {E}\left [ \mathbf {\varepsilon }_{t}\mathbf {\varepsilon }_{t}^{^{\prime }}\right ] =\mathbf {D}_{n}=\text {diag}\left ( \sigma _{1}^{2},\sigma _{2}^{2},....\sigma _{n}^{2}\right ) ,~ \\ \mathbb {E}\left [ \mathbf {u}_{t}\mathbf {u}_{t}^{^{\prime }}\right ] & =\mathbf {\Theta }_{0}\mathbf {D}_{n}\mathbf {\Theta }_{0}^{^{\prime }}=\mathbf {\Sigma }\end {align*}


$\mathbf {y}_{t}$


\begin {equation}\mathbf {y}_{t}=\sum _{k=0}^{\infty }\mathbf {C}_{k}(\mathbf {A})\mathbf {\Theta }_{0}\mathbf {\varepsilon }_{t-k}, \label {2}\end {equation}


\begin {equation*}\mathbf {C}_{k}(\mathbf {A})=\left \{ \begin {array}{cc} \mathbf {I}_{n} & ,~k=0 \\ \sum _{m=1}^{k}\mathbf {C}_{k-m}(\mathbf {A})\mathbf {A}_{m} & ,~k>0\end {array}\right . ~\end {equation*}


$\mathbf {A}_{m}=\mathbf {0}_{n}~$


$m>p$


$\mathbf {C}_{0}(\mathbf {A})=\mathbf {I}_{n}$


$\mathbf {C}_{1}(\mathbf {A})=\mathbf {A}_{1}$


$\mathbf {C}_{2}(\mathbf {A})=\mathbf {A}_{1}^{2}+\mathbf {A}_{2}$


$\mathbf {C}_{3}(\mathbf {A})=\mathbf {A}_{1}^{3}+\mathbf {A}_{2}\mathbf {A}_{1}+\mathbf {A}_{1}\mathbf {A}_{2}+\mathbf {A}_{3}$


\begin {equation}u_t = \Theta _0 \varepsilon _t, \quad \varepsilon _t \sim (0, I_n), \label {eq2}\end {equation}


$\varepsilon _t$


$\Theta _0$


$z_t$


$j$


\begin {equation}\Gamma = \mathbb {E}[z_t u_t] = \mathbb {E}[z_t \Theta _0 \varepsilon _t] \label {eq3}\end {equation}


$\mathbb {E}[z_t \varepsilon _{j,t}]=\alpha \neq 0$


$\mathbb {E}[z_t \varepsilon _{k,t}] = 0$


$k \neq j$


$i$


$h$


$j$


\begin {equation}\Phi _{h,i,j} = \mathbf {e}_i' C_h \Theta _0 \mathbf {e}_j = \frac {\mathbf {e}_i' C_h \Gamma }{\Gamma _j}, \label {eq4}\end {equation}


$C_h$


$\mathbf {e}{_{j}}$


$j^{th}$


$\mathbf {I}{_{n}}$


$CS^{AR}$


$\alpha _{T}\rightarrow \alpha =0$


$\Phi _{h,i,j} = \phi $


\begin {equation}q_T(\phi ) = \frac {T(\hat {H}_{T,1}^{(j)} - \phi \hat {H}_{T,2}^{(j)})^2}{\hat {\omega }_{T,11} - 2 \phi \hat {\omega }_{T,12} + \phi ^2 \hat {\omega }_{T,22}}, \label {eq5}\end {equation}


$\hat {\mathbf {H}}_T^{(j)} = [\mathbf {e}_i' C_h \hat {\Gamma }_T, \ \hat {\Gamma }_{T,j}]'$


$\hat {\omega }_{T,ab}$


\begin {equation}CS^{AR}(\Phi _{h,i,j}) = \left \{ \phi : q_T(\phi ) \leq \chi ^2_{1,1-\alpha } \right \}. \label {eq6}\end {equation}




\begin {equation}\mathbf {y}_t = \begin {pmatrix} \text {prod}_t \\ \text {rea}_t \\ \text {rpo}_t \\ \text {PPI}_{i,t} \end {pmatrix}. \label {eq7}\end {equation}


$\tag_socket_use:n {math/inline/formula/end}\tag_socket_use:n {math/inline/end}\text {prod}_t$


$\text {rea}_t$


$\text {rpo}t$


$\text {PPI}{(i,t)}$


$z_{S,t}$


$z_{N,t}$


$p$


$p$


$\mathbf {y_t}$


$z_{S,t}$


$z_{N,t}$


$z_{S,t}$


$z_{N,t}$


$z_{S,t}$


$z_{S,t}$


$z_{S,t}$


$z_{N,t}$


$z_{S,t}$


$z_{S,t}$


$z_{S,t}$


$z_{S,t}$


$z_{S,t}$


$z_{S,t}$


$z_{S,t}$


$\xi =T\hat {\Gamma }_{T,1}^{2}/\hat {W}_{F,1,1}$


$\sqrt {T}\left ( \hat {\Gamma }_{T}-\Gamma _{T}\right ) \overset {d}{\rightarrow }N\left ( 0,W_{\Gamma }\right )$


$_t \text { as:}\\ \begin {equation} \mathbf {y}_t = \begin {pmatrix} \text {prod}_t \\ \text {rea}_t \\ \text {rpo}_t \\ \text {PPI}_{i,t} \end {pmatrix}. \label {eq7} \end {equation} where$



1.3.4 Choice of Alternative Oil Price Measure . . . . . . . . . . . . 34

1.3.5 Further Discussion: News Shock vs Supply Shock . . . . . . 35

1.4 Concluding Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

2 The Effect of OPEC Shocks on Producer Prices in the United States . . 41

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

2.2 The Empirical Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

2.2.1 Econometric Framework . . . . . . . . . . . . . . . . . . . . . 44

2.2.2 Empirical Model and Data Description . . . . . . . . . . . . . 46

2.3 Empirical Findings and Inferences . . . . . . . . . . . . . . . . . . . 48

2.3.1 Baseline Model Estimations with producer price index for all 

commodities . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

2.3.2 Impact on Major Aggregate Producer Prices . . . . . . . . . 51

2.3.3  Further Evidence from Sectoral Producer Price Indexes . . . 51

2.4 Concluding Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

3 Shale Boom and the Responsiveness of U.S. Oil Production to Global 

Oil Market Shocks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.2 The Econometric Framework . . . . . . . . . . . . . . . . . . . . . . 60

3.2.1 Baseline Model . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3.2.2 Impulse Response Function . . . . . . . . . . . . . . . . . . . 63

3.2.3 Forecast Error Variance Decomposition . . . . . . . . . . . . 64

3.2.4 Data Description . . . . . . . . . . . . . . . . . . . . . . . . . 65

3.3 Empirical Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

8



3.3.1 Impact on the Components of Global Oil Production . . . . . 66

3.3.2 Impact on Aggregate Production and Rig Counts in Major 

Shale Oil and Gas Regions . . . . . . . . . . . . . . . . . . . 67

3.3.3 Impact on Operational Activities: Drilling, Completions, and 

DUCs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

3.3.4 Further Evidence from Disaggregated Responses of Major 

Shale Oil and Gas Basins . . . . . . . . . . . . . . . . . . . . 74

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

Appendices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

A Chapter 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

A.1 Disaggregated Response for Oil Supply News Shock . . . . . . . . . 87

A.2  Supply vs News Shock . . . . . . . . . . . . . . . . . . . . . . . . . 97

A.2.1 Assessing Model Specification using Wald Statistics . . . . . 98

A.2.2 Baseline Model Estimations with Headline CPI Inflation . . . 99

A.2.3 Impact on Inflation Rates of Major Expenditure Groups . . . 102

A.2.4 Responses of Further Broken-Down CPI Components . . . . 106

B Chapter 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

B.1 List of PPI Indexes (Source: FRED Database) . . . . . . . . . . . . 114

C Chapter 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

9



List of Tables

1.1 Correlations between the IV Series and Structural Shocks . . . . . . . . 26

1.2 Validity of Weak-Instrument Robust Confidence Bands . . . . . . . . . 27

1.3 Kernel Density Estimations (Summary Statistics) . . . . . . . . . . . . . 36

3.1 Forecast Error Variance Decomposition of Components of Global Pro-

duction to Oil Market Shocks . . . . . . . . . . . . . . . . . . . . . . . . 68

3.2 Oil and Natural Gas Production For Major Shale Oil and Gas Basins . . 76

A.1 Validity of Weak-Instrument Robust Confidence Bands . . . . . . . . . 99

A.2 Kernel Density Estimations (Summary Statistics) . . . . . . . . . . . . . 110

10



List of Figures

1.1 Shares of Global Oil Production . . . . . . . . . . . . . . . . . . . . . . 15

1.2 Instrumental Variable Series for Oil Supply and Oil News Shocks . . . . 24

1.3 Baseline Model Estimations with Headline CPI Inflation . . . . . . . . . 28

1.4 Responses of Inflation Rates across Major Expenditure Groups . . . . 30

1.5 Change in Consumer Preference . . . . . . . . . . . . . . . . . . . . . . 33

1.6 Choice of Oil Price . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

1.7 Kernel-Based Distributions of Inflation Responses across Disaggre-

gated CPIs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

2.1 Baseline Model Impulse-Response Function Estimation Results . . . . 50

2.2 Responses of Major Aggregate Producer Price Indexes . . . . . . . . . 52

2.3 Responses of Sectoral Producer Price Indexes . . . . . . . . . . . . . . 53

3.1 US Crude Oil Production . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.2 Response of Components of Global Oil Production to Oil Market Shocks 69

11



3.3 Response of Aggregate Production to Oil Market Shocks . . . . . . . . 71

3.4 Response of Different Stages of U.S. Oil Production to Oil Market Shocks 73

3.5 Response of Shale Oil Production to Supply and Oil Specific Demand 

Shock . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

12



Chapter 1

How OPEC Oil Shocks Shape U.S. CPI Inflation: Evidence from an IV-SVAR 

Approach

1.1 Introduction

In the post-pandemic era, the United States economy experienced unusually 

high inflation, peaking near 9% in June 2022—the highest level since the early 

1980s. 1This episode of rapid inflation coincided with a sharp rise in oil prices, 

as West Texas Intermediate crude increased by about 70% over the same period. 

The simultaneous surge in oil prices and inflation has renewed interest among both 

policymakers and academics in understanding the extent to which oil prices act as 

a driver of inflation.

A large body of literature examines this relationship, yielding mixed evidence 

on the influence of oil prices on inflation. On one hand, (Kilian and Zhou, 2022b) 

and (Kilian and Zhou, 2022a) find limited pass-through from gasoline prices to 

inflation expectations, with sizable short-run effects on headline inflation but much 

smaller effects on core inflation. On the other hand, (Aastveit et al., 2023) argue 

1This chapter is coauthored with Dr. Hyeongwoo Kim.
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that higher oil prices driven by global economic activity can have significant and 

persistent effects on both headline inflation and inflation expectations.

Much of the existing literature focuses on aggregate inflation measures, such 

as headline CPI, often overlooking sector-specific effects.2 In contrast, (Gao et al., 

2014) estimate the effects of oil price shocks on disaggregated CPI components 

in the United States, helping to uncover the transmission channels from structural 

oil price shocks to headline inflation. Building on this approach, we estimate the 

responses of various disaggregated inflation indices. Inspired by (Kilian, 2009), 

we further distinguish among the sources of oil price fluctuations, with particular 

attention to oil supply news shocks.

Specifically, we examine the inflationary effects of oil price movements orig-

inating from OPEC (Organization of Petroleum Exporting Countries), following 

studies such as (Caldara et al., 2019), (Almoguera et al., 2011), (Kilian, 2008), 

and (Hamilton, 2003).3 As shown in Figure 1.1, OPEC’s historical share of global 

oil production has averaged about 38%. Despite the expansion of U.S. shale pro-

duction in the 2000s, OPEC continues to exert significant influence on oil prices, 

accounting for roughly 35% of global output.

We employ an instrumental variable structural vector autoregression (IV-SVAR) 

approach, using external series as proxies for underlying structural shocks in the 

presence of strong endogeneity. See, among others, (Känzig, 2021), (Caldara 

2Examples include (Conflitti and Luciani, 2019), (Conflitti and Cristadoro, 2018), (Binder, 2018), 

(Wong, 2015), (Venditti, 2013), (Clark and Terry, 2010), (Cologni and Manera, 2008), (Blanchard 

and Galí, 2007), (Doroodian and Boyd, 2003), (Barsky and Kilian, 2002), and (Hooker, 2002).
3Established in 1960, OPEC currently comprises 12 member nations: Algeria, Congo, Equa-

torial Guinea, Gabon, Iran, Iraq, Kuwait, Libya, Nigeria, Saudi Arabia, the UAE, and Venezuela.

14



Figure 1.1: Shares of Global Oil Production
 Note: Oil production data are obtained from Energy Information Agency (EIA) database, covering the period from January 

1973 to September 2025.

et al., 2019), and (Arezki et al., 2017) for related approaches that rely on exter-

nal instruments for causal interpretation. However, as emphasized by (Andrews 

et al., 2019), when instruments are weakly correlated with endogenous regres-

sors, conventional IV estimation and inference can be unreliable. To address this 

concern and ensure the relevance and exogeneity of our instruments, we adopt 
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weak-instrument robust inference methods as recommended by (Montiel Olea et

al., 2021).

Our analysis begins by examining the inflationary effects of oil supply news 

shocks using an instrumental variable that captures market anticipation of future 

production cuts, inferred from information in the oil futures market.4 Specifically, 

we use the series developed by (Känzig, 2021), which measures oil futures price 

movements in a narrow window around OPEC announcements and affects current 

prices through a supply-expectations channel. Because this series relies on high-

frequency oil price fluctuations around announcement times, it helps isolate news 

shocks from contemporaneous supply and demand shocks.

Our empirical results indicate that news shocks raise oil prices without im-

mediate changes in fundamentals, inducing a short-run increase in oil supply. A 

news shock that increases oil prices by 10% leads to an approximately 5% rise in 

headline inflation. The inflationary effects operate primarily through pass-through 

to energy-related goods—most notably gasoline and, to a lesser extent, electricity 

and natural gas services. Overall, news shocks generate front-loaded responses 

that are most pronounced at shorter horizons. We further complement our analy-

sis by comparing these estimates with realized oil supply shocks identified using 

the instrumental variable series of (Kilian, 2008), based on production shortfalls 

among major OPEC producers and extended by (Bastianin and Manera, 2018).5

4The importance of this expectations channel for the business cycle is emphasized in (Arezki 

et al., 2017).
5This series treats actual production disruptions in OPEC countries due to political or military 

events as aggregate supply shocks—an approach also employed by (Hamilton, 2003), who used 

Middle East production shortfalls as an exogenous source of oil price fluctuations to assess their 

economic impact.

16



We also investigate why certain CPI components exhibit weak or even neg-

ative responses to OPEC-induced oil shocks. To this end, we discuss the role of 

consumer budget reallocation, building on (Baumeister et al., 2018). This mech-

anism provides an alternative explanation for the limited inflationary effects of oil 

price shocks, alongside the roles of monetary policy emphasized by (Blanchard 

and Galí, 2007) and inflation expectations highlighted by (Kilian and Zhou, 2022b) 

and (Kilian and Zhou, 2022a).

The remainder of the paper is organized as follows. Section 2 presents the 

IV-SVAR framework and discusses the validity of the instruments. Section 3 de-

scribes the data and reports the main findings with their interpretation. Section 4 

concludes.

1.2 The Empirical Model

1.2.1 The IV-SVAR Model

Our main empirical model broadly follows the work of (Montiel Olea et al., 

2021). Abstracting from deterministic terms, consider the following standard sta-

tionary VAR(p) process for yt = [y1,t y2,t ... yn,t]
′
.

yt =

p∑︂
i=1

Aiyt−i + ut, (1.1)

where ut = 0εt is an n × 1 vector of reduced-form innovations (forecast errors), 

εt is an n × 1 vector of mutually orthogonal structural shocks, and 0 is an n × n
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non-singular contemporaneous matrix. That is,

E [εt] = 0n, E
[︂
εtε

′

t

]︂
= Dn = diag

(︁
σ2
1, σ

2
2, ....σ

2
n

)︁
,

E
[︂
utu

′

t

]︂
= 0Dn

′

0 =

Assuming the covariance stationarity, yt in equation (3.1) has the following infinite 

order vector moving average (VMA) representation based on the Wold Theorem.

yt =
∞∑︂
k=0

Ck(A)0εt−k, (1.2)

where

Ck(A) =

⎧⎪⎨⎪⎩ In , k = 0∑︁k
m=1 Ck−m(A)Am , k > 0

with Am = 0n when m > p.6

The k-period ahead Impulse-Response Function (IRF) of yi,t variable to a one-

unit normalized structural shock to εj,t is defined as follows.

Φk,i,j = E (yi,t+k|Ωt−1, εj,t = 1)− E (yi,t+k|Ωt−1) = ei
′Ck(A)0ej, (1.3)

where ej denotes the selection vector that corresponds to the jth column of identity 

matrix In.

In this paper, we focus on estimating the IRFs only to the oil supply shock, 

denoted by ε1,t, which is ordered first, that is, Φk,i,1 from equation (1.3). Note that 

6That is, C0(A) = In, C1(A) = A1, C2(A) = A2
1 + A2, C3(A) = A3

1 + A2A1 + A1A2 + A3, and so 

on.
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the estimates of Φk,i,1 remain quantitatively identical even if the variables next to 

y1,t, that is, yj,t, for j = 2, ..., n, are randomly re-ordered. See (Christiano et al., 

1999a) for the proof.

Let 0,1 denote the first column of 0, that is, 0e1. To identify 0,1 via instrumental 

variable estimations, we consider a scalar random variable zt as an instrumental 

variable for ε1,t, which satisfies the following two conditions: E (ztε1,t) = α ̸= 0

(relevancy); E (ztεj,t) = 0 for j ̸= 1 (exogeneity). Note that the first component of 

equation (3.1) can be rewritten as follows.

y1,t = e1
′

p∑︂
i=1

Aiyt−i +Θ0,1,1ε1,t +
n∑︂

j=2

Θ0,1,jεj,t (1.4)

And we have the following (n− 1) equations for the rest of the variables yj,t,

yj,t = ej
′

p∑︂
i=1

Aiyt−i +Θ0,j,1ε1,t +
n∑︂

q=2

Θ0,j,qεq,t, j = 2, 3, ..., n (1.5)

By solving for ε1,t from equation (1.4) after the scale normalization Θ0,1,1 = 1 and 

substituting it into equation (1.5), we obtain the following.

yj,t = Θ0,j,1y1,t + Ξt, (1.6)

where Ξt =
∑︁p

i=1 γiyt−i +
∑︁n

q=2 δj,qεq,t. Note that {Θ0,j,1}nj=2 can be consistently 

estimated using instrumental variable regressions of yj,t on y1,t, controlling for lags 

of yt, and employing zt as an instrument under the relevancy and exogeneity as-

sumptions, that is, E (ztε1,t) = α ̸= 0 and E (ztωj,t) = 0, j = 2, ..., n.
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From equation (1.3) for j = 1, the IRF Φk,i,1 with Θ0,1,1 = 1 (scale normaliza-

tion) can be obtained by,

Φk,i,1 = ei
′Ck(A)0,1 = ei

′Ck(A)/e
′

1, (1.7)

where = E (ztut) = E (zt0εt) = α0,1 and e
′
1 = α.7 One can obtain the IRF estimate 

Φ̂k,i,1 by utilizing the least squares (LS) estimator for A and the sample covariance 

for  between zt and VAR residuals ût.

In the presence of a strong instrument, confidence bands for Φ̂k,i,1 can be ob-

tained as usual via the δ-method or a bootstrap procedure. When zt is a weak 

instrument, the normal approximation of the distribution of Φ̂k,i,1 is known to be 

poor, implying poor coverage of the resulting confidence intervals. Hence, follow-

ing (Montiel Olea et al., 2021), we employ the Anderson-Rubin confidence set, 

CSAR, based on the work of (Anderson and Rubin, 1949), as a weak-instrument 

robust confidence set which yields asymptotically correct nominal coverage even 

when αT → α = 0.

Let Â and ̂T  be the estimates for A and . Then ĤT  is defined as the 2×1 vector 

of the numerator and denominator of the IRF estimator Φ̂k,i,1 in equation (1.7) as 

follows.

ĤT =

⎡⎢⎣ ei
′Ck(Â)̂T

e
′
1̂T

⎤⎥⎦ , (1.8)

that is, Φ̂k,i,1 = ĤT,1/ĤT,2. Note that large sample approximation holds for ĤT , 

ĤT
a∼ N (HT , T

−1). The null hypothesis Φ̂k,i,1 = Φk,i,1 imposes a linear restriction: 

7See (Stock and Watson, 2016) for more discussion on this normalization.
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HT,1 − Φk,i,1HT,2 = 0, yielding the following Wald statistic,

qT (Φk,i,1) =
T (ĤT,1 − Φk,i,1ĤT,2)

ω̂T,1,1 − 2Φk,i,1ω̂T,1,2 + Φ2
k,i,1ω̂T,2,2

, (1.9)

where ω̂T,i,j are the elements of the covariance matrix . Then, the Anderson-Rubin 

confidence set is defined as follows.

CSAR(Φk,i,1) =
(︁
Φk,i,1|qT (Φk,i,1) ≤ χ2

1,1−a

)︁
, (1.10)

where χ2
1,1−a denotes the chi-square value with 1 degree of freedom for (1 − a)

level of significance.

1.2.2 Identifying OPEC News Shocks

Our baseline empirical models employ the structural vector autoregressive 

(SVAR) framework of equation (3.1) with the following.

yt =

⎛⎜⎝ xt

inf t

⎞⎟⎠ , (1.11)

where we employ xt = (∆rpot, ∆prodt, ∆reat)
′
 following (Känzig, 2021).8 Here, 

∆prodt denotes the percentage change in monthly global crude oil production, 

∆reat denotes percentage change in a measure of global economic activity, ∆rpot

represents percentage change in the real price of crude oil, and inf t is a measure 

8We conducted all estimations using 12 lags and an intercept. Results with alternative lags (6 

and 24) are qualitatively similar and available upon request.
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of inflation.9 The variables in xt is motivated by (Kilian, 2009), which identifies 

three structural shocks in the oil market, including the oil supply shock and the 

aggregate demand shock.

The inclusion of inf t allows us to estimate the responses of sectoral inflation 

measures to OPEC shocks. Our approach aligns with that of (Kilian and Park, 

2009), which included U.S. stock market variables alongside xt to investigate the 

impact of different oil market shocks on the U.S. stock market. We substitute it 

with over 55 different inflation indexes, both at aggregated and disaggregate lev-

els, to trace the sources driving headline inflation movements. Following the rec-

ommendation of (Montiel Olea et al., 2021), we employ a weak-instrument robust 

Anderson-Rubin one-standard-deviation confidence interval.

1.2.3 Instrumental Variables as Exogenous Shocks

Our study employs an IV-SVAR framework to investigate the transmission 

channels of structural oil supply news shocks to U.S. headline CPI inflation, utilizing 

disaggregated sectoral CPI inflation responses. As a reference, this section also 

introduces the oil supply shock instrumental variable (IV) series and discusses their 

stochastic properties relevant to the qualifications of a valid instrumental variables.

9Data on global crude oil production, including lease condensate, is obtained from the EIA 

(U.S. Energy Information Administration) database. Global economic activity is measured using the 

extended industrial production index series for OECD (Organization for Economic Co-operation and 

Development) countries plus six other major economies, as provided in (Baumeister and Hamilton, 

2019), and obtained from the author’s webpage. West Texas Intermediate (WTI) crude oil price 

data and various inflation measures are obtained from the FRED (Federal Reserve Economic Data) 

database. Our baseline model specification follows (Baumeister and Hamilton, 2019), with all four 

variables log differenced and converted in percentage terms. Inflation measures are annualized. 

WTI spot price is converted into real terms by dividing monthly observations by the U.S. all-city 

average CPI (Consumer Price Index) and multiplying by 100.
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The top two panels of Figure (1.2) illustrate the dynamics of the two IV series 

that identify the oil supply news shock and the oil supply shock originating from the 

OPEC. The news shock IV series, zN,t, is obtained from (Känzig, 2021), covering 

July 1983 to December 2024. zN,t captures oil futures price variations in short 

windows after OPEC news conferences, leveraging immediate market reactions 

to identify exogenous news shocks.

The IV series for the oil supply shock, zS,t, is obtained from (Bastianin and 

Manera, 2018), an extension of the original series by (Kilian, 2008), spanning from 

January 1973 to December 2013. This series reflects OPEC production short-

falls from major geopolitical events that disrupted global oil output. It isolates ex-

ogenous supply shocks by identifying periods when production changes are un-

correlated with global demand, ensuring a valid external instrument for structural 

analysis.

The third panel presents the estimates for the normalized cross-correlations,

ρSN(j) =
E (z̃S,tz̃N,t+j)

σzSσzN

, j = −12, ..., 0, ..12,

where z̃S,t and z̃N,t are demeaned IV series, and σzS  and σzN  are their respective 

standard deviations. Although statistically insignificant, the cross-correlations be-

tween zS,t and zN,t+j turn out to be negative for the first 9 months (j = 0, 1, ..., 9), 

suggesting that production quotas are enforced after the initial announcement of 

production cuts. Naturally, no particular pattern was observed in the correlation 

between the current supply shock and the lagged (j < 0) news shock.
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Figure 1.2: Instrumental Variable Series for Oil Supply and Oil News Shocks

 Note: The top panel plots the extended version of IV series for the oil news shock of (Känzig, 2021), spanning from 

July 1983 to December 2024 taken from author’s website. Second panel plots oil supply shock based on (Kilian, 2008), 

updated by (Bastianin and Manera, 2018), covering the period from January 1973 to December 2013 is obtained from the 

replication materials of (Känzig, 2021). The red bubble marks the highest value in the series, while the blue bubble marks 

the lowest value. The third panel shows the correlation between the two series over their common sample period, July 1983 

to December 2013. Cross-correlations are computed relative to the news shock series; for example, positive lag values 

indicate correlations between the supply shock series and future values of the news shock series.

1.2.4 Evaluating the Validity of the Instruments

This section assesses the validity of the two instruments, zS,t and zN,t, intro-

duced in the previous section, following the recommendation in (Ramey, 2016) 

and (Stock and Watson, 2018).
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We first investigate the relevancy and exogeneity assumptions via the con-

temporaneous correlations between each of the IV series, zS,t and zN,t, and the 

estimated structural shocks obtained from (Kilian, 2009) and (Baumeister and 

Hamilton, 2019) as references. Specifically, we follow the specifications of (Kilian, 

2009) to recursively estimate the oil supply shock, aggregate demand shock, and 

oil-specific demand shock, while using the updated series of the oil supply shock 

and aggregate demand shock from (Baumeister and Hamilton, 2019), which are 

obtained through a Bayesian approach. Results are reported in Table (1.1).

We note that the news shock IV series, zN,t, shows a statistically significant 

positive correlation (0.13) with the oil-specific demand shock identified by (Kil-

ian, 2009), while its correlations with oil supply shocks from (Kilian, 2009) and 

(Baumeister and Hamilton, 2019) are much weaker, at 0.04 and –0.06, respec-

tively and are not statistically significant.

On the other hand, the supply shock IV series, zS,t, exhibits statistically signifi-

cant correlations with the oil supply shock identified by (Kilian, 2009) and (Baumeis-

ter and Hamilton, 2019), at 0.12 and 0.17, respectively, whereas showing negli-

gible, near-zero correlations with economic activity (demand) shocks. 10 These 

results support the interpretation that zN,t primarily reflects oil futures price move-

ments immediately following OPEC news conferences, thereby serving as a proxy 

for oil news shocks rather than contemporaneous supply shocks.

10We observe similar estimates when restricting to common sample from July 1983 to December 

2013.
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Table 1.1: Correlations between the IV Series and Structural Shocks

 Full Sample Period  Common Sample Period

 Model zN,t zS,t zN,t zS,t

 (Kilian, 2009)

 Oil Supply Shock 0.04(0.43) 0.12∗∗∗(0.01) 0.05(0.35) 0.10∗(0.06)

 Economic Activity Shock 0.06(0.17) −0.01(0.79) 0.14∗∗∗(0.01) −0.10(0.86)

 Oil Specific Shock 0.13∗∗∗(0.00) −0.07(0.16) 0.15∗∗∗(0.00) −0.09(0.11)

 (Baumeister and Hamilton, 2019)

 Oil Supply Shock −0.06(0.16) 0.17∗∗∗(0.00) −0.08(0.11) 0.18∗∗∗(0.00)

 Economic Activity Shock −0.06(0.15) 0.02(0.71) 0.04(0.42) −0.02(0.67)

 Note: This table reports the contemporaneous Pearson correlation coefficient between the IV series and the structural 

oil market shocks identified by Kilian, 2009 and Baumeister and Hamilton, 2019. P-values are presented in parentheses 

for the null hypothesis of zero correlation. The full sample for news IV spans from July 1987 to December 2024. The full 

sample for supply IV spans from January 1976 to December 2013. The common sample period includes data from July 

1983 to December 2013 for both series. 

1.2.5 Assessing Model Specification using Wald Statistics

We next assess the validity of the weak-instrument robust confidence bands 

using the Wald statistics, ξ, suggested by (Montiel Olea et al., 2021), which implies 

that the 100%(1 − a) Anderson-Rubin (AR) confidence set CSAR(Φk,i,1) in equa-

tion (1.10) is bounded if and only if ξ > χ2
1,1−a.

11 The results are reported in Table 

(1.2).

The news shock IV demonstrates very strong evidence in favor of well con-

tained confidence bands. The Wald statistic for zN,t exceeds all conventional 

asymptotic critical values, with p-values below 1% regardless of the number of lags 

employed. In a nutshell, the Wald test indicates compact AR confidence bands at 

all conventional levels when the news shock IV is employed.

11ξ = T Γ̂2
T,1/ŴF,1,1 from 

√
T
(︂
Γ̂T − ΓT

)︂
d→ N (0,WΓ)
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Table 1.2: Validity of Weak-Instrument Robust Confidence Bands

 #Lags zN,t

 6 lags  9.1 (0.00)

 12 lags  9.5 (0.00)

 24 lags  11.0 (0.00)

 Note: We report Wald statistics, with p-values shown in 

brackets. The test statistics and corresponding critical val-

ues were computed following (Montiel Olea et al., 2021). 

The Wald statistics obey a chi-square distribution with one 

degree of freedom. The asymptotic critical values are 3.84, 

2.71, and 0.99 for the 95%, 90%, and 68% confidence lev-

els, respectively.

1.3 Empirical Findings and Inferences

This section presents the impulse-response function (IRF) estimates from 

equation (1.7), along with the one-standard-deviation Anderson-Rubin confidence 

intervals in equation (1.10). Since all variables are expressed as month-over-

month percentage changes (inflation measures annualized), the IRFs are reported 

in cumulative form. We begin with the baseline model estimates, focusing on the 

response of headline CPI inflation to news shock IV (zN,t). We then explore the 

propagation channels of these shocks by analyzing the responses of over 50 dis-

aggregated CPI indexes. 

1.3.1 Baseline Model Estimations with Headline CPI Inflation

Figure (1.3) presents the impulse response function estimates for the baseline 

IV-SVAR model with 12 lags, where headline CPI inflation (annualized) is ordered 

last as in equation (A.1). We use the West Texas Intermediate spot price of crude 
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Figure 1.3: Baseline Model Estimations with Headline CPI Inflation

 Note: We report the impulse-response function estimates from the IV-SVAR with 12 lags to the oil supply news 

shock zN,t. Shocks are normalized to generate a 10% increase in the oil price on impact. The dashed lines are the 68% 

Anderson–Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as 

the measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained 

from the author’s website, is used as the measure of real economic activity. Oil price and inflation data are obtained from 

the FRED database, while global oil production data are taken from the EIA database. All four variables are expressed 

in log differences and converted to percentage terms, with inflation measures annualized (monthly percentage changes 

multiplied by 12). The updated IV series for the oil supply news shock is based on (Känzig, 2021) and obtained from the 

author’s GitHub repository. The sample period spans from July 1983 to December 2024.

oil, converted into real terms, as the measure of oil price. In a later section, we 

discuss the implications of other measures of oil price. The responses to the oil 

supply news shock zN,t is normalized to generate a 10% increase in the oil price 
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on impact, maintaining consistency with (Känzig, 2021), (Kilian and Zhou, 2022b), 

and (Kilian and Zhou, 2022a).12

The impulse response function of global oil production shows that when OPEC 

announces a production cut, interpreted as a news shock (zN,t), oil production 

initially increases (positive growth rates). This response is driven by increased 

output from non-OPEC producers, who expand production in reaction to higher 

oil prices triggered by immediate adjustments in the oil futures market. However, 

over time, global oil production gradually slows and looses statistical significance.

In response to the oil news shock, oil prices increased by 13% after one month 

before subsequently declining. This estimated effect is consistent with the findings 

of (Känzig, 2021). The headline inflation rate rises in response to news shocks 

(zN,t) produces a clearly significant positive pass-through to headline inflation. 

Moreover, oil supply news shocks exhibit recessionary effects, as shown by the 

responses of global industrial production which is statistically significant around 1 

year later. Such recessionary dynamics likely influence the extent of pass-through 

to headline CPI inflation. Oil supply news shocks(zN,t) shifts the supply curve of 

goods and services leftward due to rising oil prices.

1.3.2 Impact on Major Expenditure Categories and Pass-through

To identify the channels through which headline inflation responds, we ex-

amine the impulse responses of inflation across major expenditure categories, 

as shown in Figure (1.4). Several notable patterns emerge. First, the increase 

12For our impulse response function estimation, we use MATLAB code from the replication files 

of (Montiel Olea et al., 2021), obtained from the author’s GitHub repository.
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Figure 1.4: Responses of Inflation Rates across Major Expenditure Groups

 Note: We report the impulse-response function estimates from the IV-SVAR with 12 lags to the oil supply news 

shock zN,t. Shock is normalized to generate a 10% increase in the oil price on impact. The dashed lines are the 68% 

Anderson–Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as 

the measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained 

from the author’s website, is used as the measure of real economic activity. Oil price and inflation data are obtained from 

the FRED database, while global oil production data are taken from the EIA database. All four variables are expressed in 

log differences and converted to percentage terms, with inflation measures annualized. The updated IV series for the oil 

supply news shock is based on (Känzig, 2021) and obtained from the author’s GitHub repository. The sample period spans 

from July 1983 to December 2024.
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in headline inflation is driven mainly by higher inflation in energy-related compo-

nents. The point estimates for energy commodities are roughly an order of mag-

nitude larger than those for overall inflation. In contrast, the inflationary effects 

become much smaller and statistically insignificant (or only marginally significant) 

once energy items are excluded from the consumer price index basket. For ex-

ample, the impact on core inflation, which excludes food and energy, is approxi-

mately one percent, or about one-fifth of the effect on headline inflation. Similarly, 

the response of all items excluding energy is roughly half that of headline inflation, 

whereas indexes that continue to include energy, such as all items excluding food 

and all items excluding shelter, show responses that are similar in magnitude to 

headline inflation.

The third panel of Figure (1.4) further distinguishes the pass-through of shocks 

between services and commodities. Services display only minimal effects, consis-

tent with their labor-intensive cost structure, whereas commodities show substan-

tial responses driven by higher prices for energy-related items, including gasoline, 

electricity, and natural gas. These patterns raise the question of whether house-

holds, when confronted with oil news shocks and sharp increases in energy-related 

expenditures, adjust their consumption behavior by reducing spending on other 

categories.
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1.3.3 The Substitution Effect

It is important to note that recessionary pressures may prompt consumers to 

adjust their spending behavior. Specifically, faced with budget constraints result-

ing from negative income shocks, driven by rising costs of necessities such as 

energy expenditures, consumers may need to reduce spending on certain items. 

This behavioral shift may lead to a leftward movement in the demand curve for 

these items. Consequently, the price impact on such goods and services may be 

muted. In the following sections, we present further evidence supporting these 

mechanisms.

Figure (1.5) provides evidence that households do, in fact, adjust their con-

sumption behavior when confronted with higher gasoline costs. We observe a sig-

nificant increase in the prices of electricity and natural gas services. Although the 

magnitude is smaller than the response of gasoline, it remains substantially larger 

than that of headline inflation. Given limited use of gasoline in electricity gener-

ation, this pattern suggests that households substitute a portion of their gasoline 

consumption with other energy sources that are relatively less expensive, causing 

significant increase in price of electricity and natural gas.

Second and third panel of Figure (1.5), provides additional evidence that con-

sumers increase demand of relatively cheaper items . For example, the price in-

crease of used cars and trucks is considerably larger than the increase in the price 

of new vehicles, indicating a shift toward more affordable transportation options. 

Similarly, the price of food consumed at home rises by more than the price of food 
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consumed away from home, consistent with households reallocating spending to-

ward less costly forms of consumption. 

Figure 1.5: Change in Consumer Preference

While our overall findings are consistent with the conclusions of (Kilian and 

Zhou, 2022b) and (Känzig, 2021), that the primary transmission occurs through 

energy related items, we provide evidence that households reallocate spending 

away from more expensive items toward relatively more affordable alternatives 
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when budget constraints tighten due to higher gasoline prices. These findings 

collectively suggest that the overall effect on headline inflation is mitigated by such 

substitution behavior. Moreover, the results indicate that the impact of an oil supply 

news shock extends beyond the transportation sector. For example, increases in 

electricity and natural gas prices are transmitted to housing related categories and 

higher food prices, illustrating the broader reach of energy cost pressures within 

the consumption basket. Detailed results are presented in the Appendix A.

1.3.4 Choice of Alternative Oil Price Measure

In the preceding exercise, we examined the transmission mechanism using 

the West Texas Intermediate crude oil price. In this section, we investigate whether 

employing an alternative measure of oil prices materially alters the transmission 

mechanism. To this end, we replace the oil price variable in equation (A.1) with a 

gasoline price alternative, considering both measures in nominal and real terms.

Figure (1.6) highlights three key insights. First, the estimated impact is nearly 

twice as large when gasoline prices are used instead of West Texas Intermediate. 

Second, there is no discernible difference between nominal and real specifica-

tions. Third and most importantly, the overall pass-through remains similar for 

both gasoline and West Texas Intermediate prices. The primary transmission to 

headline inflation continues to operate through energy-related components, while 

the effects on core inflation remain limited. 
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1.3.5 Further Discussion: News Shock vs Supply Shock

While our main analysis uses the oil supply news shock to identify the trans-

mission channel. This section further extends the analysis by comparing with the 

pass-through for the oil supply shock. To keep the comparison fair, we restrict the 

sample to the common period from July 1983 to December 2013. Figure (1.7) dis-

plays kernel density estimates of the inflation responses for 55 CPI components at 

the most disaggregated level. Complete estimations are presented in the Appendix 

section. We report the estimated distributions at four horizons: on impact (contem-

poraneous), 3 months (short run), 12 months (medium run), and 50 months (long 

run). The responses are shown separately for the OPEC supply shock (zS,t) and 

the OPEC news shock (zN,t). Corresponding summary statistics of these density 

estimates are provided in Table (1.3).

We note that the average inflation responses exceed the median responses 

across all horizons (k = 0, 3, 12, 50), indicating that the estimated distributions are 

right-skewed, a finding confirmed by the estimated skewness. In other words, pos-

itive inflation responses occur more frequently. Furthermore, all kurtosis estimates 

point to leptokurtic, that is, heavy-tailed distributions, implying substantial hetero-

geneity in the responses of disaggregated CPI components. Taken together with 

our earlier findings, this evidence suggests that the dynamics of headline CPI are 

not driven by the majority of the 55 disaggregated components, but rather are pri-

marily attributable to energy-related sub-components.

On impact (k = 0), the median inflation responses to both shocks are centered 

around zero, although the distribution for zN,t is more tightly concentrated near 
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Table 1.3: Kernel Density Estimations (Summary Statistics)

zS,t zN,t

k  0  3  12  50  0  3  12  50

 Mean  0.20  0.83  0.74  0.62  0.27  0.79  0.66  0.49 

 Median  0.12  0.15  0.20  0.26  0.02  0.11  0.13  0.08 

 StdDev  0.55  2.09  1.80  1.60  0.72  1.85  1.38  1.16 

 Min -0.84 -0.67 -1.16 -1.45 -0.49 -0.32 -0.35 -0.92 

 Max  2.19  8.67  6.80  5.88  2.92  7.17  6.06  4.69 

 Skewness  2.41  3.00  2.55  2.18  2.68  2.75  2.48  2.15 

 Kurtosis  9.64  11.02  8.64  7.55  9.44  9.29  8.53  7.35 

 Note: We employ the Epanechnikov kernel density estimator to characterize the k-month-ahead inflation responses 

of 55 CPI components at the most disaggregated level, where k ∈ 0, 3, 12, 50.

zero than that for zS,t. At the same time, the news shock exhibits heavier right 

tails, accompanied by a larger standard deviation and higher skewness. As the 

horizon extends to the short run (k = 3), the cross-sectional dispersion widens 

for both shocks, with the mass of the distribution shifting modestly toward positive 

inflation rates, as reflected in higher means and medians. The median short-run 

effect rises from 0.12% to 0.15% for the supply shock and from 0.02% to 0.11% 

for the news shock. In the long run (k = 50), the median further increases from 

0.20% to 0.26% for the supply shock, while the corresponding value for the news 

shock declines from 0.13% to 0.08%.

These results suggest that zS,t exerts more persistent effects, consistent with 

the characterization of zN,t as a front-loaded shock by (Känzig, 2021), whose ef-

fects are primarily observed at short horizons and dissipate relatively quickly.
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1.4 Concluding Remarks

This paper examines how anticipated changes in oil supply conditions across 

OPEC countries affect U.S. headline CPI inflation by analyzing the responses of 

disaggregated CPI components using an IV-SVAR approach. We find that the sub-

stantial pass-through to overall CPI inflation is primarily driven by energy-intensive 

sectors, whereas contributions from other sectors—particularly non-necessities—re-

main relatively limited. Our findings highlight the importance of sector-specific in-

flation responses as a key propagation channel of oil market shocks, an aspect 

that has been somewhat overlooked in the existing literature.

This result raises an important question: why do not all sectors respond simi-

larly to oil supply shocks, whether actual or anticipated? One possible explanation 

is that sector-specific demand conditions react differently to such shocks. Our 

analysis documents recessionary effects of oil supply shocks through declines in 

global real activity, which—by constraining consumer budgets—may reduce de-

mand for non-essential goods and services and thereby dampen inflationary pres-

sures in these sectors. This issue warrants further investigation in future research.

We also note that our analysis is based on a symmetric IV-SVAR model, even 

though our primary interest lies in the inflationary effects of negative supply shocks 

in the global crude oil market. Employing a nonlinear framework that distinguishes 

propagation channels based on the sign of the oil supply shock could yield more 

precise estimates. For instance, positive oil supply shocks may generate negligible 

inflationary responses relative to negative shocks, potentially due to downward 
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price rigidities. Accounting for such asymmetric dynamics could therefore produce 

sharper inference. We leave this promising avenue for future research.
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Figure 1.6: Choice of Oil Price
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Figure 1.7: Kernel-Based Distributions of Inflation Responses across Disaggre-

gated CPIs
 Note: We employ the Epanechnikov kernel density estimator to characterize the k-month-ahead inflation responses 

of 55 CPI components at the most disaggregated level, where k ∈ 0, 3, 12, 50. These responses are reported separately 

for the OPEC supply shock (zS,t) and the OPEC news shock (zN,t).
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Chapter 2

The Effect of OPEC Shocks on Producer Prices in the United States

2.1 Introduction

Crude oil continues to play a pivotal role in international trade, serving as the 

primary energy source for transportation, a critical fuel for industrial and power 

generation activities, and an essential raw material for petrochemical production. 

In 2023, global crude oil trade reached approximately USD 1.28 trillion, or 5.6% 

of total world trade, with China as the largest importer and Saudi Arabia as the 

leading exporter (Observatory of Economic Complexity, OEC, 2025). Technolog-

ical advancements in seismic imaging, hydraulic fracturing, and horizontal drilling 

have significantly boosted domestic production in the United States. According to 

the Energy Information Administration (EIA), the United States became a net ex-

porter of petroleum in 2020 for the first time since 1949 and maintained this status 

for the third consecutive year in 2022.

There are numerous studies investigating the impact of oil market shock on 

producer prices. (Pradeep, 2022) finds that diesel price deregulation in India in 

2013 had a significant impact on oil shock propagation, asymmetricity, and pass-

through to wholesale diesel prices, retail diesel prices, food article prices, and 
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manufactured food prices. (Chen et al., 2020) find that increase in oil prices driven 

by oil specific demand shocks is the most important cause of China’s inflation 

at the import and production stages. (Chen and Zhu, 2021) find significant inter 

industry differences in the effect of oil price shocks on industrial producer price 

index(PPI) for China as energy intensity is an important factor affecting the inter-

industry differences in oil supply and oil-specific demand shocks. (Husaini et al., 

2019) find that oil price fluctuation have a much greater impact on producer prices 

compared to consumer prices for Malaysia.

In regards to the United States, there is a plethora of literature exploring the 

impact of oil price fluctuation on consumer price index but limited study exploring 

the impact of on PPI. According to Energy Information Agency, average petroleum 

consumption in the United States in 2023 was 20.3 million barrels per day. While 

transportation dominates consumption at 68%, industrial use accounts for a sub-

stantial 27%, reflecting its critical role in the economy. In particular, the petrochem-

ical industry relies on petroleum as a feedstock to produce plastics, polyurethane, 

solvents, and numerous other intermediate and finished products.

(Gago and Vale, 2025), which is most related to current study, analyze how oil 

price fluctuation influence inflation in France, Germany, Portugal, and the United 

States. Using an structural vector autoregression (SVAR) framework, authors find 

that oil supply, global demand, and oil-specific demand shocks have temporary 

inflationary effects, with producer prices exhibiting greater volatility compared to 
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consumer prices and oil specific demand shocks being the most influential. Fur-

thermore, authors observe considerable heterogeneity in the magnitude of the re-

sponses to oil market shocks for individual countries.

This paper examines how oil price fluctuations influence U.S. producer prices 

with additional novelty. Firstly, I focus on OPEC (Organization of Petroleum Ex-

porting Countries) as the source of oil price fluctuation. OPEC has been a signifi-

cant player in global oil market with current market share of around 35%. Secondly, 

I use Instrumental variable structural vector autoregression to estimate the causal 

effect. I use two different instrumental variable series: the oil supply shock series 

of (Kilian, 2008) which is updated by (Bastianin and Manera, 2018), and oil supply 

news shock series of (Känzig, 2021). Supply shock series represents actual de-

cline in oil production of OPEC countries due to military or political events whereas 

news shock represent fluctuation in oil price as a result of change in expectation 

about future production following OPEC announcement. Thirdly, I estimate the dy-

namic response at the disaggregated level which helps to elaborate transmission 

channel of oil shocks on producer prices.

The results of my empirical analysis suggests that both oil supply shock and 

oil supply news shock significantly raise overall producer prices, primarily through 

higher fuel and power costs. The largest effects occur in energy-intensive indus-

tries such as chemicals and non-metallic minerals, as well as petrochemical sec-

tors like rubber and plastics, while other sectors experience relatively muted im-

pacts. Additionally, the estimated effect on overall producer price index is much 

43



higher than the corresponding effect on consumer price index reported in (Bhan-

dari and Kim, 2025) indicating that oil price shocks have greater effect on producer 

side.

The remainder of the paper is organized as follows: Section 2 discusses the 

econometric framework, data, and model specification. Section 3 presents empir-

ical findings and relates to existing literature. Section 4 concludes.

2.2 The Empirical Model

2.2.1 Econometric Framework

This section briefly discusses the instrumental variable structural vector au-

toregression (SVAR-IV) framework. I follow the econometric approach and nota-

tion in (Montiel Olea et al., 2021).1

Abstracting from deterministic terms, let yt = (y1,t, y2,t, . . . , yn,t)
′ denote an 

n-dimensional vector of endogenous variables governed by a stationary VAR(p) 

process:

yt = A1yt−1 + · · ·+ Apyt−p + ut, ut ∼ (0,Σu), (2.1)

where ut are reduced-form residuals with covariance matrix Σu.

1A more detailed discussion on econometric framework, stochastic properties of the instrument 

series and their validity is available on (Bhandari and Kim, 2025) .

44



The structural representation links the reduced-form residuals to orthogonal 

structural shocks:

ut = Θ0εt, εt ∼ (0, In), (2.2)

where εt are structural innovations and Θ0 is the impact matrix.

Identification relies on an external instrument zt, assumed to be correlated 

with the j-th structural shock of interest but orthogonal to all others. Formally, let

Γ = E[ztut] = E[ztΘ0εt] (2.3)

The instrument is assumed to satisfies two key assumptions:

1. Relevance: E[ztεj,t] = α ̸= 0, i.e., the instrument is correlated with the target 

structural shock.

2. Exogeneity: E[ztεk,t] = 0 for all k ̸= j, i.e., the instrument is uncorrelated 

with non-target shocks.

The impulse-response function (IRF) of variable i at horizon h to a one-unit 

shock normalized on variable j is

Φh,i,j = e′
iChΘ0ej =

e′
iChΓ

Γj

, (2.4)

where Ch are the reduced-form MA coefficients and ej denotes the selection 

vector that corresponds to the jth column of identity matrix In.
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Following (Montiel Olea et al., 2021), I employ the Anderson-Rubin confi-

dence set, CSAR, based on the work of (Anderson and Rubin, 1949), as a weak-

instrument robust confidence set which yields asymptotically correct nominal cov-

erage even when αT → α = 0.

The Wald statistic for testing a null Φh,i,j = φ is

qT (φ) =
T (Ĥ

(j)
T,1 − φĤ

(j)
T,2)

2

ω̂T,11 − 2φω̂T,12 + φ2ω̂T,22

, (2.5)

where Ĥ
(j)
T = [e′

iChΓ̂T , Γ̂T,j]
′ and ω̂T,ab are the elements of its covariance ma-

trix. The confidence set is

CSAR(Φh,i,j) =
{︁
φ : qT (φ) ≤ χ2

1,1−α

}︁
. (2.6)

2.2.2 Empirical Model and Data Description

Define the vector  yt as:

yt =

⎛⎜⎜⎜⎜⎜⎜⎜⎝

prodt

reat

rpot

PPIi,t

⎞⎟⎟⎟⎟⎟⎟⎟⎠
. (2.7)

where prodt is monthly global crude oil production, reat measures global eco-

nomic activity, rpot is the real price of crude oil, and PPI(i, t) denotes a producer 
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price index of category “i”. The first three variables follow (Kilian, 2009) and cap-

ture the global oil market, while the final variable is rotated across producer price 

indexes to investigate how oil market shocks propagate to wholesale prices. This 

approach parallels (Kilian and Park, 2009), who used U.S. stock market variables 

instead of producer prices.

The crude oil production series, including lease condensate, comes from the 

EIA. Global economic activity is taken from the extended OECD+6 industrial pro-

duction index of (Baumeister and Hamilton, 2019), and both the WTI spot price 

and PPI series are drawn from the FRED database. The WTI spot price is con-

verted into real terms by dividing monthly observations by the U.S. all-city average 

CPI and multiplying by 100. Following (Baumeister and Hamilton, 2019), all vari-

ables are log-differenced and expressed in percentage terms, with producer price 

inflation reported in annualized units.

Shock identification relies on external instruments. The supply shock is nor-

malized to reduce global oil production by 1%, whereas the news shock is nor-

malized to raise the real oil price by 1%. For supply shocks, production is placed 

first in the VAR ordering, while for news shocks, oil price is placed first. Inference 

follows the weak-instrument robust Anderson–Rubin confidence interval approach 

of (Montiel Olea et al., 2021), using a 68% confidence level. The baseline VAR 

includes 12 lags and an intercept.
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2.3 Empirical Findings and Inferences

This section reports the impulse-response function (IRF) estimates from equa-

tion (2.4), together with the one-standard-deviation Anderson–Rubin confidence 

intervals in equation (2.6). I first present the baseline results, focusing on how the 

producer price index for all commodities (PPIACO) responds to the supply-shock 

instrument (zS,t) and the news-shock instrument (zN,t). I then investigate the trans-

mission mechanisms to producer price index for all commodities by examining the 

responses of key production categories.

2.3.1 Baseline Model Estimations with producer price index for all com-

modities

The Wald statistic from equation (2.5) is estimated at 1.54 (p-value = 0.21) for 

the supply shock instrument, suggesting weak instrument. By contrast, the news 

shock instrument yields a Wald statistic of 10.42 (p-value = 0.00), indicating strong 

instrument. Importantly, both statistics exceed the critical value of 0.99, ensuring 

that the 68% Anderson–Rubin confidence intervals in equation (2.6) are bounded.

Figure (2.1) shows the impulse response functions from the baseline 12-lag 

IV-SVAR model, with the producer price index for all commodities (PPIACO) or-

dered last, as in equation (2.7). The first column displays the responses of yt to 

the oil supply shock zS,t, and the second column shows the responses to the oil 
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supply news shock zN,t. For comparability, each shock is normalized to produce 

a 1% increase in the oil price on impact.2

While both supply shock zS,t and news shock zN,t cause a significant increase 

in oil price, they have quite different impact on global oil production. Supply shock 

zS,t which represents actual decline in OPEC production, results in partial recov-

ery of global oil production with production level not recovering to pre-shock level. 

To the contrary, news shock zS,t which represents oil price increase without any 

immediate change in production, causes increase in global oil production reflect-

ing increase in non-OPEC production responding to higher oil price. Similarly, 

the recessionary impact of supply shock is insignificant whereas news shock has 

statistically significant effect specially after 1 year.

The estimated effect of the oil supply shock zS,t on oil prices aligns with the 

findings of (Montiel Olea et al., 2021) and (Herrera and Rangaraju, 2020), while 

the effect of the news shock zN,t is consistent with (Känzig, 2021). Both shocks 

lead to economically and statistically significant increases in the producer price 

index for all commodities, exceeding the corresponding effects on the Consumer 

Price Index for All Urban Consumers (CPIAUCSL) reported in (Bhandari and Kim, 

2025). This indicates that price increases on the production side are larger than on 

the consumer side, suggesting a potential reduction in demand for certain goods 

due to lower disposable income after higher oil prices.

2The contemporaneous impact of supply shock on oil price is 0.42. Therefore, the responses 

to oil supply shock are scaled by a factor of 1/0.42 to represent 1% increase in oil price.
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Figure 2.1: Baseline Model Impulse-Response Function Estimation Results
 Note: I report the impulse-response function estimates from the IV-SVAR with 12 lags. The first column shows 

the responses of yt to the oil supply shock zS,t, while the second column shows the responses to the oil supply news 

shock zN,t. Each shock is normalized to generate a 1% increase in the oil price on impact. The dashed lines are the 68% 

Anderson–Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as the 

measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained from 

the author’s website, is used as the measure of real economic activity. Oil price and producer price index for all commodities 

(PPIACO) data are obtained from the FRED database, while global oil production data are taken from the EIA database. 

All four variables are expressed in log differences and converted to percentage terms, with inflation measures annualized. 

The IV series for the oil supply shock is based on (Kilian, 2008), updated by (Bastianin and Manera, 2018), and the IV 

series for the oil supply news shock is based on (Känzig, 2021). Both IV series are obtained from the replication materials 

of (Känzig, 2021). The sample period spans from July 1983 to December 2013. 

50



2.3.2 Impact on Major Aggregate Producer Prices

Figure (2.2) presents the estimated impact on major aggregate producer price 

indexes. The first panel of the figure shows that the impact on industrial commodi-

ties is similar to all commodities reported in the baseline model. Both supply shock 

zS,t and news shock zS,t causes a significant increase in industrial commodities al-

though the confidence interval for supply shock zS,t are larger compared to news 

shock zS,t. The second panel clearly demonstrates that the major impact of supply 

shock zS,t and news shock zS,t is via disproportionate increase in fuel and power 

cost. On the contrary, the effect on industrial commodities excluding fuel is in-

significant or marginally significant (news shock zS,t). 

2.3.3  Further Evidence from Sectoral Producer Price Indexes

Figure (2.3) presents the impact of major industries. Driven by higher fuel 

and power costs, energy intensive items like chemical products and non metallic 

minerals as well as petrochemical products like rubber and plastic see the greatest 

increase in price whereas items like lumber and wood production, and machinery 

and equipment are less affected. The impact on textile and apparel items, and 

furniture and durable items are moderate.

2.4 Concluding Remarks

This paper examines how exogenous shocks originating from the Organi-

zation of Petroleum Exporting Countries (OPEC) influence U.S. producer prices. 
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Figure 2.2: Responses of Major Aggregate Producer Price Indexes
 Note: I report the responses of the major aggregate producer price indexes. The blue lines depict the responses to 

the oil supply shock (zS,t), while the red lines correspond to the responses to the oil supply news shock (zN,t). Each shock 

is normalized to generate a 1% increase in the oil price on impact. The dashed lines represent the 68% Anderson–Rubin 

confidence bands, following (Montiel Olea et al., 2021). The sample period covers July 1983 to December 2013.
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Figure 2.3: Responses of Sectoral Producer Price Indexes

 Note: I report the responses of sectoral aggregate producer price indexes. The blue lines depict the responses to 

the oil supply shock (zS,t), while the red lines correspond to the responses to the oil supply news shock (zN,t). Each shock 

is normalized to generate a 1% increase in the oil price on impact. The dashed lines represent the 68% Anderson–Rubin 

confidence bands, following (Montiel Olea et al., 2021). The sample period covers July 1983 to December 2013.
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Using an instrumental variable structural vector autoregression (IV-SVAR) frame-

work, I distinguish between two types of shocks: oil supply shocks stemming from 

OPEC production disruptions caused by military or political events, and oil supply 

news shocks capturing changes in market expectations of future production follow-

ing OPEC announcements. I employ weak instrument robust confidence interval 

of (Montiel Olea et al., 2021).

My empirical analysis suggests that both shocks significantly raise overall pro-

ducer prices, primarily through higher fuel and power costs. The largest effects 

occur in energy-intensive industries such as chemicals and non-metallic minerals, 

as well as petrochemical sectors like rubber and plastics, while other sectors expe-

rience relatively muted impacts. Additionally, I observe a significant increase the 

producer price index for all commodities (PPIACO), exceeding the correspond-

ing effects on the Consumer Price Index for All Urban Consumers (CPIAUCSL) 

reported in (Bhandari and Kim, 2025), indicating that the overall price increase 

in production side is greater than consumer side. Different factors like mark up 

in domestic market, the volume of international trade, and decline in demand of 

non-essential items from domestic consumers could help explain these findings. I 

leave these interesting discussions for future work.
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Chapter 3

Shale Boom and the Responsiveness of U.S. Oil Production to Global Oil Market 

Shocks

3.1 Introduction

U.S. oil production has expanded sharply in recent decades, driven by tech-

nological advances in seismic imaging, horizontal drilling and hydraulic fracturing, 

which enable the extraction of oil from low-permeability rock formations, commonly 

referred to as shale or tight oil. Unlike conventional oil, which flows easily through 

vertical wells in permeable reservoirs, shale oil is produced by injecting a high-

pressure mixture of water, sand, and chemicals into shale rock to create fissures 

that release trapped hydrocarbons. These innovations have propelled the United 

States to become one of the world’s largest oil producers, leading to the repeal 

of the decades-long petroleum export ban in 2015 and transforming the U.S. into 

a net oil exporter by 2020. As shown in Figure (3.1), crude oil output rose from 

about 5 million barrels per day in the mid-2000s to approximately 13 million in 

2023, with tight oil accounting for 8.32 million barrels per day, roughly 64% of the 

total production according to the Energy Information Administration (EIA).
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Figure 3.1: US Crude Oil Production 

 Note:Source: Energy Information Administration (EIA), 2025 

A growing literature examines both the impact of the shale oil boom on global 

oil prices and the responsiveness of shale production to price fluctuations. (Born-

stein et al., 2023), using microdata from roughly 14,000 oil fields in 109 countries, 

find that shale production is highly responsive to oil price due to its relatively low 

extraction costs, about one-fifth that of conventional production. Their structural 

model, embedded in a general equilibrium framework, suggests that fracking has 
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weakened the market power of the Organization of Petroleum Exporting Countries 

(OPEC), contributing to lower oil prices and reduced price volatility in the long run.1

Another strand of research considers the macroeconomic effects of the shale 

boom. (Bjørnland and Skretting, 2024), using a time varying parameter factor aug-

mented vector autoregressive (FAVAR) model with state-level and industry-level 

U.S. data, show that oil-specific shocks increase investment, income, industrial 

production, and non-oil employment in many oil producing and manufacturing in-

tensive states, effects absent before the shale boom. Similarly, (Kang et al., 2016) 

distinguish between U.S. and non-U.S. oil production and find that U.S. real stock 

returns respond positively to increases in domestic production.

(Kellogg, 2011) characterizes oil production by relating oil producers, usually 

large oil companies with extraction license, and drilling firms operating on con-

tractual agreements with the oil companies. (Kellogg, 2014) investigates how oil 

companies make decision to drill new wells with respect to uncertainty in oil price. 

Drilling new wells represents a significant sunk cost and potential risk as not all 

wells drilled leads to production, and furthermore, not all productions are econom-

ically feasible specially when oil prices are low. (Shakya et al., 2022) focus on the 

information spillover between oil price and drilling activities. Using connectedness 

indices based on VARs, they find that since the shale boom in the U.S., drilling 

activities have become more responsive to oil price variations.

1See also (Anderson et al., 2018), (Bjørnland et al., 2021), (Foroni and Stracca, 2023), (Kilian, 

2016), (Newell and Prest, 2019), and (Storrøsten, 2024) for further discussion.

57



The broader literature on oil market dynamics builds on (Kilian, 2009), who 

identified three distinct sources of oil price fluctuations: flow supply shocks, ag-

gregate demand shocks, and oil specific shocks. While some studies ((Kilian and 

Murphy, 2014), (Aastveit, 2014)) emphasize the dominance of demand shocks, 

others ((Baumeister and Hamilton, 2019), (Caldara et al., 2019)) attribute a larger 

role to supply shocks. Various approaches have been employed to identify struc-

tural shocks, including recursive identification ((Kilian, 2009)), sign restrictions 

((Kilian and Murphy, 2014), (Baumeister and Hamilton, 2015)), Bayesian methods 

((Baumeister and Hamilton, 2019)), and instrumental variable techniques ((Arezki 

et al., 2017), (Känzig, 2021)).

This paper examines how U.S. oil production responds to oil market shocks in 

a structural vector autoregression (SVAR) framework. I employ short-run restric-

tions, following (Kilian, 2009) recursive setting, and identify three oil market shocks: 

flow supply shock, flow demand shock, and oil specific shock.2 My novelty is to 

distinguish global oil production into three separate components: U.S. shale, U.S. 

conventional, and the rest of global production. (Anderson et al., 2018) highlight 

that oil production by conventional method is less responsive because oil extrac-

tion from vertical wells is limited by reservoir pressure which declines over time 

whereas (Bornstein et al., 2023) find that non-conventional oil production is much 

for responsive to oil price fluctuations.

I identify three different oil market shocks: flow supply shock, flow demand 

shock, and oil specific shock. Flow supply shocks represent unanticipated change 

2See (Kilian et al., 2025) and (Kilian, 2022b) for recent discussions on the merits of recursive 

identification of global oil market shocks.
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in global oil production excluding domestic production in the United States. Unan-

ticipated change on the current demand for crude oil driven by fluctuations in the 

global business cycle is defined as flow demand shock. And unexpected fluctua-

tion in oil price that is not attributable to either flow supply shock or flow demand 

shock is identified as oil specific demand shock. The analysis extends the frame-

work to examine aggregate production and drilling activity in major U.S. shale re-

gions as well as operational measures such as drilling and completions, and dis-

aggregated basin level responses, providing a comprehensive view of U.S. pro-

duction dynamics in the global oil market.

My empirical analysis show that U.S. shale production is the most respon-

sive component of global output, offsetting roughly one-fifth of the initial decline in 

non-U.S. production following a negative flow supply shock. In contrast, U.S. con-

ventional and non-U.S. production display muted and statistically insignificant ad-

justments. Drilling activity reacts more strongly and immediately than production, 

indicating that future supply expansion is initiated quickly after flow supply shocks. 

Basin level analysis reveals that these effects are concentrated in oil dominant 

regions such as the Permian, Bakken, and Eagle Ford, while gas focused basins 

exhibit little to no response. Moreover, the buildup of drilled-but-uncompleted wells 

(DUCs) following flow supply shocks highlights the role of operational flexibility in 

smoothing production over time.

The remainder of the paper is organized as follows: Section 2 describes the 

econometric framework and data. Section 3 presents the empirical findings, Sec-

tion 4 discusses the results and policy implications, and Section 5 concludes.
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3.2 The Econometric Framework

3.2.1 Baseline Model

I extend (Kilian, 2009) framework by differentiating global oil production into 

three components: U.S. conventional production, U.S. shale production, and rest 

of global production.

Let, Yt = (∆prodRoW,t, reat, rpot,∆prod

,∆prod

)
′
, where ∆prodRoW,t is percentage change in global oil production excluding 

U.S., ∆prodConv,t is percentage change in conventional oil production in U.S., and 

∆prodU.S.Shale,t is percentage change in U.S. shale oil production. Similarly, reat

denotes a measure of global aggregate demand for all industrial commodities in-

cluding oil and rpot represents real price of crude oil. First three variables represent 

global oil market while last two represent domestic production.

Assuming standard stationary finite order SVAR and omitting constant term 

without the loss of generality, the reduced-form VAR(p) representation is,

Yt = A1Yt−1 + A2Yt−2 ++A3Yt−3...ApYt−p + ηt (3.1)

where, Yt and ηt are nx1 vectors of VAR variables and reduced-form VAR innova-

tions respectively. Ai’s are coefficient matrix for lag components.

The structural VAR representation is,

B0Yt = B1Yt−1 +B2Yt−2 ++B3Yt−3...BpYt−p + ϵt, (3.2)
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where, B0 is contemporaneous coefficient matrix, Bi’s are coefficient matrix for the 

lag terms and ϵt are mutually uncorrelated structural shocks.

Assuming invertibility of structural model, the reduced-form VAR innovations 

are related to the vector of structural shocks, ϵt as: ηt = Θ0ϵt, where structural im-

pact multiplier matrix Θ0 is a nxn non-singular matrix. Structural shocks are further 

assumed to be serially and mutually uncorrelated, with E(ϵt) = 0 and E[ϵtϵ
′
t] = D

= diag (σ2
1, σ

2
2, ....σ

2
n). Then covariance matrix for the reduced form innovation is, 

E[ηtη
′
t] = Σ = Θ0DΘ

′
0.

Cholesky factor decomposition postulates structural Vector autoregression of 

B−1
0  according to ηt = B−1

0 ϵt. Note that B−1
0 = θ0 in this case.

ηt ≡

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

η
∆prodRoW,t

t

ηreat

ηrpot

η
∆prodU.S. Conv
t

η
∆prodU.S. Shale
t

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

b11 0 0 0 0

b21 b22 0 0 0

b31 b32 b33 0 0

b41 b42 b43 b44 0

b51 b52 b53 b54 b55

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

ϵFlow Supply Shock
t

ϵFlow Demand Shock
t

ϵOil Specific Shock
t

ϵResidual Shock 1
t

ϵResidual Shock 2
t

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
. (3.3)

As global oil production excluding U.S. is ordered first, this model postulates 

a vertical short-run supply curve which means that global oil production exclud-

ing U.S. does not respond to other shocks within a month i.e., (b12 = b13 = 0). 

This assumption is supported by (Anderson et al., 2018), (Bjørnland et al., 2021), 

(Foroni and Stracca, 2023), (Kumar and Mallick, 2024), (Newell and Prest, 2019). 

(Anderson et al., 2018) highlight that oil production by conventional method is less 
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responsive because oil extraction from vertical wells is limited by reservoir pres-

sure which declines over time. Similarly, (Foroni and Stracca, 2023) find that while 

U.S. oil supply has been more responsive to price, it has minimal impact on global 

oil supply which is almost vertical.

Similar to (Kilian, 2009), (Hamilton, 2009), and (Bjørnland and Skretting, 2024), 

I assume that global economic activity does not respond to oil specific shock within 

a month. i.e., (b23 = 0). Furthermore, I assume that oil price is predetermined with 

respect to U.S. economic variables following (Kilian and Vega, 2011). (Bjørnland 

and Skretting, 2024), (Kilian and Park, 2009) among others use similar assump-

tion when investigating the impact of oil market shocks on U.S. economy. Finally, 

I order U.S. shale production last in the VAR framework to represent that it is more 

responsive that U.S. conventional oil production.

Equation 3.3 follows recursive ordering to identify three different shocks: flow 

supply shocks, flow demand shocks, and oil-specific shocks. Flow supply shocks 

represent unanticipated change in global oil production excluding U.S. Unantic-

ipated change on the current demand for crude oil driven by fluctuations in the 

global business cycle is defined as flow demand shock. And unexpected fluctua-

tion in oil price that is not attributable to either flow supply shock or flow demand 

shock is identified as oil specific demand shock.

In order to explore the impact of above discussed shocks on regional produc-

tion in the U.S., I extend to the baseline model by replacing last two variables in 

vector auto regression (VAR) framework. It is important to note that the econo-

metric inferences from recursively identified VAR model may be susceptibly to 
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alternative ordering of the variables. However, (Christiano et al., 1999b) show that 

impulse response functions can be invariant when the location of shocking variable 

is fixed. Therefore, the ordering of first three variables are fixed which is supported 

by (Kilian et al., 2025) and (Kilian, 2022a).

3.2.2 Impulse Response Function

Structural moving average (MA) representation for Yt is given by,

Yt =
∞∑︂
k=0

Ck(A)θ0ϵt−k, (3.4)

where moving average coefficient Ck(A) is related to autoregressive coefficient 

A = (A1, A2, ....., Ap) as Ck(A) =
∑︁k

m=1Ck−m(A)Am, k=1,2,... with C0(A) = In and 

Am = 0 for m > p.

The k-step ahead structural impulse response coefficient is the response of 

Yi,t+k to one unit-change in ϵj,t at time t .

∂Yi,t+k

∂ϵj,t
= ei

′Ck(A)Θ0ej (3.5)

where ej denotes the jth column of Identity matrix In.

Equation (5) represents impulse response coefficient as a function of MA co-

efficients, structural impact multiplier matrix with indicators that assigns relevant 

shock and VAR variables.
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3.2.3 Forecast Error Variance Decomposition

While IRFs provide insight about the causal impact of a shock, another practi-

cally important question is the degree of forecast error variance or prediction mean 

squared error (MSPE) of Yt+h at horizon h = 0, 1, . . . , H accounted for by each 

structural shock ϵj,t, j = 1, . . . , n.

The h-step ahead forecast error is given by:

Yt+h − Et[Yt+h] =
h−1∑︂
i=0

Ci(A)Θ0ϵt+h−i =
h−1∑︂
i=0

Θiϵt+h−i, (3.6)

where Θi = Ci(A)Θ0.

Then, the total MSPE of the k-th variable in Yt at horizon h is:

MSPEk(h) =
n∑︂

j=1

MSPEkj(h) =
n∑︂

j=1

(︁
θ2kj,0 + · · ·+ θ2kj,h−1

)︁
, (3.7)

where θkj,i is the (k, j)-th element of Θi.

The relative contribution of the j-th structural shock to the forecast error vari-

ance of the k-th variable at horizon h is given by:

MSPEkj(h)

MSPEk(h)
. (3.8)

Summing across all shocks,

1 =
n∑︂

j=1

MSPEkj(h)

MSPEk(h)
. (3.9)
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By multiplying each ratio by 100, percentage contribution of each structural 

shock to the forecast error variance of each variable in Yt at a given horizon h is 

obtained. This decomposition provides insight into the relative importance of each 

identified shock in driving forecast uncertainty over different horizons.

3.2.4 Data Description

Monthly oil production data (in Million Barrels a day) is taken from the Energy 

Information Administration (EIA) database. Similarly,refinery Acquisition Cost for 

crude oil is taken from EIA database. Nominal oil price is converted into real terms 

using Consumer Price Index for All Urban Consumers: All Items (CPIAUCSL) also 

taken from FRED database. As a proxy for aggregate demand in global industrial 

commodity markets including oil, I use (Kilian, 2009) index from FRED database 

which is derived from a panel of dollar-denominated global bulk dry cargo shipping 

rates and is expressed in percent deviations from long-term trend. Additional data 

on regional production is based on Drilling Productivity Report from EIA.

All variables expect for aggregate demand are log differentiated. I use VAR(24) 

models and an intercept for all my estimations. Error bars are for 68% confidence 

interval.The confidence intervals were constructed using wild bootstrap. Calcula-

tions are based on 5,000 iteration. Monthly data spans 2008M01:2024M12.

65



3.3 Empirical Findings

This section presents the key empirical results. I begin by analyzing impulse 

response functions (IRF’s) of global oil production to three different shocks recur-

sively identified from Equation 3.5. Flow supply shocks represent unanticipated 

change in global oil production excluding U.S.. Flow demand shock represents 

unanticipated change on the current flow demand for crude oil driven by fluctua-

tions in the global business cycle. Unexpected fluctuation in oil price that is not 

attributable to either flow supply shock or flow demand shock is identified as oil 

specific demand shock. I complement with forecast error variance decomposition 

(FEVD) from Equation 3.9. I then extend the analysis to regional production in 

U.S..

All shocks are normalized to increase oil price. Flow supply shock is normal-

ized to decrease global oil production excluding U.S. by 1%. Flow demand shock 

is normalized to increase global economic activity by 1%. Oil specific shock is 

normalized to increases oil price by 1%.

3.3.1 Impact on the Components of Global Oil Production

Figure (3.2) displays the dynamic responses of U.S. shale production, U.S. 

conventional production, and the rest of global oil production to oil market shocks 

discussed earlier. U.S. shale production responds most strongly, increasing by 

approximately 4 percent two years after a flow supply shock. Given shale’s av-

erage share of global output is slightly over 5% for the sample period, this rise 
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compensates for about one-fifth of the initial decline in non-U.S. production. By 

contrast, neither conventional U.S. production nor global output outside the U.S. 

show statistically significant increases, highlighting shale’s key role as a stabiliz-

ing force. Oil specific shocks also elicit the largest growth in shale production with 

slightly front heavy response, whereas conventional and global non-U.S. produc-

tion exhibit more modest but qualitatively similar responses.

The forecast error variance decomposition in Table (3.1) further corroborates 

these findings. Flow supply shocks dominate short-run variation in shale produc-

tion (around 33% at horizon 1 and 25% at long run) while other two shocks become 

increasingly influential over longer horizons (14% for flow demand shock and 18% 

for oil specific shock). For non-U.S. production, supply shocks account for nearly 

all short-term fluctuations but give way to flow demand shocks and oil specific 

shock over time. U.S. Conventional production is comparatively less affected by 

supply shocks and more sensitive to flow demand shocks and oil specific shock 

throughout the horizon.

3.3.2 Impact on Aggregate Production and Rig Counts in Major Shale Oil 

and Gas Regions

I next explore the joint dynamics of production and drilling activity. I esti-

mate a five-variable structural VAR model in which the last two variables (U.S. 

shale and conventional production) in the baseline model are replaced by aggre-

gate oil production and total rig counts summed across the seven major shale oil 

and gas production regions identified in the Energy Information Administration’s 
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Table 3.1: Forecast Error Variance Decomposition of Components of Global Pro-

duction to Oil Market Shocks

 Percent of h-Step Ahead Forecast Error Variance Explained by:

 Horizon (Months)  Flow Supply Shock  Flow Demand Shock  Oil Specific Shock  Residual Shock

 Rest of Global Oil Production

 1  100  0.0  0.0  0.0

 2  88.7  2.0  3.5  5.8

 3  73.8  3.2  14.2  8.8

 6  60.6  13.7  14.0  11.8

 12  48.4  14.3  15.0  22.2

∞  28.5  19.4  19.7  32.3

 U.S. Conventional Oil Production

 1  5.9  2.3  0.6  91.2

 2  6.6  5.4  2.9  85.0

 3  6.5  5.6  4.5  83.4

 6  9.7  11.1  4.3  75.0

 12  12.8  8.5  10.4  68.3

∞  14.2  18.8  15.2  51.7

 U.S. Shale Oil Production

 1  32.5  0.0  0.8  66.7

 2  44.2  3.7  5.5  46.6

 3  41.6  3.8  7.8  46.8

 6  37.6  6.5  9.0  47.0

 12  39.7  10.6  10.7  39.0

∞  25.3  13.8  18.4  42.5

 Note: Entries show forecast error variance decomposition (percent) across horizons from a 5-variable 

SVAR model. Monthly data from 2008M01 to 2024M04.
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Figure 3.2: Response of Components of Global Oil Production to Oil Market 

Shocks

 Note: Results are for SVAR(24) with intercept for three structural shocks identified by Equation 3.3. First panel 

shows the responses to flow supply shock normalized to decrease rest of global oil production excluding U.S. by 1%. 

Second panel shows the responses to flow demand shock normalized to increase global economic activity by 1%. Third 

panel shows the response to oil specific shock that increases oil price by 1%. First column shows the response of rest 

of global oil production. Second column shows the response of U.S. conventional oil production. Third column shows the 

response of U.S. shale oil production. Errors are for 68% confidence interval. The confidence intervals were constructed 

using wild bootstrap. Calculations are based on 5,000 iteration. Monthly data spans 2008M01:2024M04.

Drilling Productivity Report.3 While this combined production measure does not 

distinguish between shale and conventional output, the model captures the joint 

dynamics of aggregate regional production and drilling activity. Since rigs count 

3The seven shale regions are Anadarko, Appalachia, Bakken, Eagle Ford, Haynesville, Nio-

brara, and Permian.
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represents the machinery to start the drilling process, it therefore represents future 

production expansion possibility.

First panel in Figure (3.3) shows that the response of total oil production is 

qualitatively similar to U.S. shale oil production in the baseline model. There is a 

significant increase in oil production for flow supply shock and oil specific shock. Oil 

specific shock elicit more immediate response whereas flow supply shock causes 

gradual increase in production. Naturally, as this production measure includes 

both conventional oil as well as shale oil, the magnitude of the response are nu-

merically smaller compared to baseline model.

Second panel shows much greater and immediate increase in rigs count, 

which increases future production possibility. Similar to production, the effects 

are significant for flow supply shock and oil specific shock whereas flow demand 

shock has minimal impact. 

3.3.3 Impact on Operational Activities: Drilling, Completions, and DUCs

In order to examine the mechanisms behind the aggregate production re-

sponses, I estimate a six-variable structural VAR model where first three variables 

of global oil market are arranged similar to baseline model with three additional 

variables: new wells drilled, wells completed, and drilled-but-uncompleted wells 

(DUCs).4 These measures provide a more detailed view of the supply side adjust-

ment process and the timing between drilling activity, completions, and realized 

production.

4As the sample is restricted to observations since January 2014, I use shorter lag length of 12 

months.
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Figure 3.3: Response of Aggregate Production to Oil Market Shocks

 Note: Results are for SVAR(24) with intercept for structural shocks identified by Equation 3.3. Figure shows 

the response of oil production and rigs count, collectively, for seven oil basins (Anadarko, Appalachia, Bakken, Eagle 

Ford, Haynesville, Niobrara and Permian) based on Drilling Productivity Report from Energy Information Agency (EIA).First 

column shows the responses to flow supply shock normalized to decrease global oil production excluding U.S. by 1%. 

Second column shows the responses to flow demand shock normalized to increase global economic activity by 1%. Third 

column shows the response to oil specific shock normalized to increase oil price by 1%. Errors are for 68% confidence 

interval. The confidence intervals were constructed using wild bootstrap. Calculations are based on 5,000 iteration. Monthly 

data spans 2008M01:2024M04.

The impulse responses in Figure (3.4) indicate that flow supply shocks pro-

duce the largest and most persistent increases in drilling and completions, both 

peaking roughly one year after the shock. Drilling rises more sharply than com-

pletions, leading to a buildup of DUC inventories that store productive capacity 
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and support gradual production gains. Oil specific shocks generate moderate in-

creases in drilling and completions with minimal effects on DUCs, while flow de-

mand shocks have negligible effects on all three measures. These results suggest 

that sustained production gains from flow supply shocks are driven by substantial 

expansions in drilling and completion activity, with DUCs serving as a buffer that 

smooths the realization of output over time.
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Figure 3.4: Response of Different Stages of U.S. Oil Production to Oil Market 

Shocks

 Note: Results are for SVAR(12) with intercept for three structural shocks identified by Equation 3.3. First column 

shows the responses to flow supply shock normalized to decrease rest of global oil production excluding U.S. by 1%. 

Second column shows the responses to flow demand shock normalized to increase global economic activity by 1%. Third 

column shows the response to oil specific shock that increases oil price by 1%. First panel shows the response of new 

wells drilled. Second panel shows the response of U.S. conventional oil production. Third column shows the response of 

U.S. shale oil production. Errors are for 68% confidence interval. The confidence intervals were constructed using wild 

bootstrap. Calculations are based on 5,000 iteration. Monthly data spans 2014M01:2024M04.
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3.3.4 Further Evidence from Disaggregated Responses of Major Shale Oil 

and Gas Basins

To assess regional heterogeneity, I analyze oil production in the seven major 

shale basins reported in the Drilling Productivity Report. Table (3.2) shows their 

distinct production profiles. The Permian Basin leads with over 6 million barrels 

per day of oil, alongside substantial natural gas output. Similarly, Bakken and 

Eagle Ford are primarily oil focused with lower gas-to-oil ratios. Appalachia and 

Haynesville are predominantly gas producing, as reflected in their high gas-to-oil 

production ratios.

Using a five-variable structural VAR specification analogous to Section 3.2, 

I estimate production and rig count responses separately for each basin. The 

impulse responses in Figure (3.5) reveal that response of aggregate production 

is predominantly driven by oil focused regions. Both flow supply shocks and oil 

specific shocks cause significant increase in production for Permian, Bakken, and 

Eagle Ford while the gas dominant Appalachia and Haynesville exhibit negligible 

changes.

3.4 Discussion

Empirical analysis consistently show that U.S. shale production is the most 

responsive component of global oil supply, adjusting sharply to flow supply shock 
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Figure 3.5: Response of Shale Oil Production to Supply and Oil Specific Demand 

Shock

 Note: Results are for SVAR(24) with intercept for four structural shocks identified by Equation 3.3. Flow supply shock 

normalized to decrease global oil production excluding U.S. by 1%. Oil specific demand shock is normalized to increase oil 

price by 1%. Errors are for 68% confidence interval. Errors are for 68% confidence interval. The confidence intervals were 

constructed using wild bootstrap. Calculations are based on 5,000 iteration. Monthly data spans 2008M01:2024M04.

and oil specific shocks, while conventional U.S. output and the rest of global pro-

duction remain relatively unresponsive. This responsiveness enables U.S. pro-

ducers to offset a significant portion of non-U.S. production losses. Extending the 

analysis to combined production and rig counts from the seven major shale re-

gions reveals similar qualitative patterns, with rig activity rising immediately after 

glow supply shock and oil specific shock. The strong and rapid drilling response 

highlights the forward-looking nature of investment in productive capacity.
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Table 3.2: Oil and Natural Gas Production For Major Shale Oil and Gas Basins

 Region  Oil Production (million bbl/d)  Natural Gas Production (million Mcf/d)  Ratio

 Anadarko  0.38  6.54  17.20

 Appalachia  0.14  36.10  264.80

 Bakken  1.31  3.45  2.60

 Eagle Ford  1.10  7.37  6.70

 Haynesville  0.03  15.82  483.70

 Niobrara  0.71  5.37  7.60

 Permian  6.16  25.11  4.10

 Note:Regional production figures are for April, 2024 based on Drilling Productivity Report from the 

Energy Information Agency. Oil production is represented in million barrels per day. Natural gas production is 

represented in billion cubic feet per day. Ratio represents the ratio of natural gas production to oil production.

Operational measures further clarify the adjustment mechanism: flow supply 

shocks drive sustained increases in drilling and completions, with the initial drilling 

surge leading to a buildup of drilled-but-uncompleted well inventories that smooths 

production gains over time. Basin level estimates confirm that these aggregate 

effects are concentrated in oil focused regions, particularly the Permian, Bakken, 

and Eagle Ford while gas dominant regions such as Appalachia and Haynesville 

contribute little to the overall response. Together, the findings underscore that 

both production composition and operational capacity are central to the resilience 

of U.S. oil output in the face of global market disruptions.

3.5 Conclusion

This paper applies a Structural Vector Autoregression (SVAR) with short-run 

restrictions to quantify the responsiveness of U.S. oil production to global oil mar-

ket shocks. I extend (Kilian, 2009) framework by distinguishing global oil produc-

tion into U.S. shale, U.S. conventional, and the rest of global output. I identify 
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three different shocks: flow supply shocks, flow demand shocks, and oil-specific 

shocks. My empirical analysis with impulse response functions (IRFs) and fore-

cast variance decomposition (FEVD) offers a comprehensive view of U.S. supply 

dynamics. I also extend the framework to aggregate and basin level production 

and drilling activity for major shale regions. These findings highlight the strategic 

value of maintaining flexible and scalable U.S. production capacity. Investments 

in drilling technology, completion infrastructure, and transportation networks can 

strengthen the ability of U.S. producers to stabilize markets and enhance energy 

security in face of exogenous shocks from global oil market. While this study is 

solely based on linear estimation technique, non-linear approach including thresh-

old VAR framework can also be reasonable given high investment nature of oil 

production. I defer these interesting avenues for future work. 
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Appendix A

Chapter 1

A.1 Disaggregated Response for Oil Supply News Shock
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Figure A.1: Main Model
Note: We report the impulse-response function estimates from the IV-SVAR with 12 lags to the oil supply news 

shock zN,t. Shock is normalized to generate a 10 % increase in the oil price on impact. The dashed lines are the 68% 

Anderson-Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as the 

measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained from 

the author’s website, is used as the measure of real economic activity. Oil price and inflation data are obtained from the 

FRED database, while global oil production data are taken from the EIA database. All four variables are expressed in log 

differences and converted to percentage terms, with inflation measures annualized (monthly percentage changes multiplied 

by 12). The updated IV series for the oil supply news shock is based on (Känzig, 2021) and obtained from the author’s 

GitHub repository. The sample period spans from July 1983 to December 2024.
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Figure A.2: Special Indexes
Note: We report the impulse-response function estimates from the IV-SVAR with 12 lags to the oil supply news 

shock zN,t. Shock is normalized to generate a 10 % increase in the oil price on impact. The dashed lines are the 68% 

Anderson-Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as the 

measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained from 

the author’s website, is used as the measure of real economic activity. Oil price and inflation data are obtained from the 

FRED database, while global oil production data are taken from the EIA database. All four variables are expressed in log 

differences and converted to percentage terms, with inflation measures annualized (monthly percentage changes multiplied 

by 12). The updated IV series for the oil supply news shock is based on (Känzig, 2021) and obtained from the author’s 

GitHub repository. The sample period spans from July 1983 to December 2024.
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Figure A.3: Major Categories
Note: We report the impulse-response function estimates from the IV-SVAR with 12 lags to the oil supply news 

shock zN,t. Shock is normalized to generate a 10% increase in the oil price on impact. The dashed lines are the 68% 

Anderson–Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as 

the measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained 

from the author’s website, is used as the measure of real economic activity. Oil price and inflation data are obtained from 

the FRED database, while global oil production data are taken from the EIA database. All four variables are expressed in 

log differences and converted to percentage terms, with inflation measures annualized. The updated IV series for the oil 

supply news shock is based on (Känzig, 2021) and obtained from the author’s GitHub repository.The sample period spans 

from July 1983 to December 2024.
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Figure A.4: Food Items
Note: We report the impulse-response function estimates from the IV-SVAR with 12 lags to the oil supply news 

shock zN,t. Shock is normalized to generate a 10% increase in the oil price on impact. The dashed lines are the 68% 

Anderson–Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as 

the measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained 

from the author’s website, is used as the measure of real economic activity. Oil price and inflation data are obtained from 

the FRED database, while global oil production data are taken from the EIA database. All four variables are expressed in 

log differences and converted to percentage terms, with inflation measures annualized. The updated IV series for the oil 

supply news shock is based on (Känzig, 2021) and obtained from the author’s GitHub repository. The sample period spans 

from July 1983 to December 2024.
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Figure A.5: Housing Items
Note: We report the impulse-response function estimates from the IV-SVAR with 12 lags to the oil supply news 

shock zN,t. Shock is normalized to generate a 10% increase in the oil price on impact. The dashed lines are the 68% 

Anderson–Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as 

the measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained 

from the author’s website, is used as the measure of real economic activity. Oil price and inflation data are obtained from 

the FRED database, while global oil production data are taken from the EIA database. All four variables are expressed in 

log differences and converted to percentage terms, with inflation measures annualized. The updated IV series for the oil 

supply news shock is based on (Känzig, 2021) and obtained from the author’s GitHub repository. The sample period spans 

from July 1983 to December 2024.
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Figure A.6: Transport Items
Note: We report the impulse-response function estimates from the IV-SVAR with 12 lags to the oil supply news 

shock zN,t. Shock is normalized to generate a 10% increase in the oil price on impact. The dashed lines are the 68% 

Anderson–Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as 

the measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained 

from the author’s website, is used as the measure of real economic activity. Oil price and inflation data are obtained from 

the FRED database, while global oil production data are taken from the EIA database. All four variables are expressed in 

log differences and converted to percentage terms, with inflation measures annualized. The updated IV series for the oil 

supply news shock is based on (Känzig, 2021) and obtained from the author’s GitHub repository. The sample period spans 

from July 1983 to December 2024.
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Figure A.7: ther Categories
Note: We report the impulse-response function estimates from the IV-SVAR with 12 lags to the oil supply news 

shock zN,t. Shock is normalized to generate a 10% increase in the oil price on impact. The dashed lines are the 68% 

Anderson–Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as 

the measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained 

from the author’s website, is used as the measure of real economic activity. Oil price and inflation data are obtained from 

the FRED database, while global oil production data are taken from the EIA database. All four variables are expressed in 

log differences and converted to percentage terms, with inflation measures annualized. The updated IV series for the oil 

supply news shock is based on (Känzig, 2021) and obtained from the author’s GitHub repository. The sample period spans 

from July 1983 to December 2024.
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Figure A.8: Change in Consumer Preference
Note: We report the impulse-response function estimates from the IV-SVAR with 12 lags to the oil supply news 

shock zN,t. Shock is normalized to generate a 10% increase in the oil price on impact. The dashed lines are the 68% 

Anderson–Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as 

the measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained 

from the author’s website, is used as the measure of real economic activity. Oil price and inflation data are obtained from 

the FRED database, while global oil production data are taken from the EIA database. All four variables are expressed in 

log differences and converted to percentage terms, with inflation measures annualized. The updated IV series for the oil 

supply news shock is based on (Känzig, 2021) and obtained from the author’s GitHub repository. The sample period spans 

from July 1983 to December 2024.
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Figure A.9: Choice of Oil Price
Note: We report the impulse-response function estimates from the IV-SVAR with 12 lags to the oil supply news 

shock zN,t. Shock is normalized to generate a 10% increase in the oil price on impact. The dashed lines are the 68% 

Anderson–Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as 

the measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained 

from the author’s website, is used as the measure of real economic activity. Oil price and inflation data are obtained from 

the FRED database, while global oil production data are taken from the EIA database. All four variables are expressed in 

log differences and converted to percentage terms, with inflation measures annualized. The updated IV series for the oil 

supply news shock is based on (Känzig, 2021) and obtained from the author’s GitHub repository. The sample period spans 

from July 1983 to December 2024.
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A.2  Supply vs News Shock

Our baseline empirical models employ the structural vector autoregressive 

(SVAR) framework of equation (3.1) with the following.

yt =

⎛⎜⎝ xt

inf t

⎞⎟⎠ , (A.1)

where xt = (∆prodt, ∆reat, ∆rpot)
′
 for the OPEC supply shock IV (zS,t) as in 

(Montiel Olea et al., 2021).1 Here, ∆prodt denotes the percentage change in 

monthly global crude oil production, ∆reat denotes percentage change in a mea-

sure of global economic activity, ∆rpot represents percentage change in the real 

price of crude oil, and inf t is a measure of inflation.2 The variables in xt is moti-

vated by (Kilian, 2009), which identifies three structural shocks in the oil market, 

including the oil supply shock and the aggregate demand shock. On the other 

hand, for the OPEC news shock IV (zN,t), we employ xt = (∆rpot, ∆prodt, ∆reat)
′

following (Känzig, 2021).

1We conducted all estimations using 12 lags and an intercept. Results with alternative lags (6 

and 24) are qualitatively similar and available upon request.
2Data on global crude oil production, including lease condensate, is obtained from the EIA 

(U.S. Energy Information Administration) database. Global economic activity is measured using the 

extended industrial production index series for OECD (Organization for Economic Co-operation and 

Development) countries plus six other major economies, as provided in (Baumeister and Hamilton, 

2019), and obtained from the author’s webpage. West Texas Intermediate (WTI) crude oil price 

data and various inflation measures are obtained from the FRED (Federal Reserve Economic Data) 

database. Our baseline model specification follows (Baumeister and Hamilton, 2019), with all four 

variables log differenced and converted in percentage terms. Inflation measures are annualized. 

WTI spot price is converted into real terms by dividing monthly observations by the U.S. all-city 

average CPI (Consumer Price Index) and multiplying by 100.
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The inclusion of inf t allows us to estimate the responses of sectoral inflation 

measures to OPEC shocks. Our approach aligns with that of (Kilian and Park, 

2009), which included U.S. stock market variables alongside xt to investigate the 

impact of different oil market shocks on the U.S. stock market. We substitute it 

with over 55 different inflation indexes, both at aggregated and disaggregate lev-

els, to trace the sources driving headline inflation movements. Following the rec-

ommendation of (Montiel Olea et al., 2021), we employ a weak-instrument robust 

Anderson-Rubin one-standard-deviation confidence interval.

A.2.1 Assessing Model Specification using Wald Statistics

We next assess the validity of the weak-instrument robust confidence bands 

using the Wald statistics, ξ, suggested by (Montiel Olea et al., 2021), which implies 

that the 100%(1 − a) Anderson-Rubin (AR) confidence set CSAR(Φk,i,1) in equa-

tion (1.10) is bounded if and only if ξ > χ2
1,1−a.

3 The results are reported in Table 

(A.1).

The Wald statistic for zS,t exceeds the asymptotic critical value at the 10% 

significance level only when 24 lags are employed, implying a well-contained 90% 

AR confidence band in this case. However, with fewer lags, the AR confidence 

bands are valid at the one-standard-deviation level, as the Wald statistic exceeds 

0.99, the critical value for 68%.

The news shock IV, on the other hand, demonstrates very strong evidence 

in favor of well contained confidence bands. The Wald statistic for zN,t exceeds 

3ξ = T Γ̂2
T,1/ŴF,1,1 from 

√
T
(︂
Γ̂T − ΓT

)︂
d→ N (0,WΓ)
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Table A.1: Validity of Weak-Instrument Robust Confidence Bands

 Number of Lags zS,t zN,t

 6 lags  1.77 (0.18)  10.0 (0.00)

 12 lags  1.77 (0.18)  11.4 (0.00)

 24 lags  2.73 (0.10)  15.4 (0.00)

 Note: We report Wald statistics, with p-values shown in brackets. The test statistics and corresponding 

critical values were computed following (Montiel Olea et al., 2021). The Wald statistics obey a chi-

square distribution with one degree of freedom. The asymptotic critical values are 3.84, 2.71, and 0.99 

for the 95%, 90%, and 68% confidence levels, respectively. 

all conventional asymptotic critical values, with p-values below 1% regardless of 

the number of lags employed. In a nutshell, the Wald test indicates compact AR 

confidence bands at all conventional levels when the news shock IV is employed.

A.2.2 Baseline Model Estimations with Headline CPI Inflation

Figure (A.10) presents the impulse response function estimates for the base-

line IV-SVAR model with 12 lags, where headline CPI inflation is ordered last as 

in equation (A.1). The first column shows the responses of yt to the oil supply 

shock zS,t, while the second column shows the responses to the oil supply news 

shock zN,t. Each shock is normalized to generate a 1% increase in the oil price on 

impact.4

4For our impulse response function estimation, we use MATLAB code from the replication files 

of (Montiel Olea et al., 2021), obtained from the author’s GitHub repository. The responses to 

supply shocks were initially estimated to correspond to a 1% decline in global oil production. We 

then scale these responses to the oil supply shock using the contemporaneous effect on the oil 

price, which is approximately a 0.46% increase. The responses to news shocks were directly 

estimated to correspond to a 1% increase in the oil price. That is, both IV shocks are normalized 

to produce the same contemporaneous effect on the oil price.
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It should be noted that the responses of global oil production (∆prodt) to the 

supply shock zS,t differ markedly from those of to the news shock zN,t. Specifi-

cally, following a supply shock zS,t, global oil production substantially decreases 

on impact and reaching to a permanent reduction in output. In contrast, when 

OPEC announces a production cut, interpreted as a news shock (zN,t), oil produc-

tion initially increases (positive growth rates). This reflects a rise in output from 

non-OPEC oil-producing countries, consistent with their typical response to higher 

oil prices driven by immediate reactions in the oil futures market. However, over 

time, global oil production gradually slows, eventually reaching an insignificant rate 

within approximately two years.

Notwithstanding the contrasting responses of global oil production, both IV 

shocks, zS,t and zN,t, lead to statistically significant increases in oil prices. The 

headline inflation rate also rises in response to both shocks, although the inflation 

response to the supply IV shock (zS,t) is only marginally significant, whereas the 

news IV shock (zN,t) produces a clearly significant positive pass-through to head-

line inflation. Our estimate of the impact on oil prices is slightly higher than that 

reported by (Montiel Olea et al., 2021), but it lies at the lower end of the range 

presented by (Herrera and Rangaraju, 2020). In response to the oil news shock, 

oil prices increase by 1.25% after one month before subsequently declining. This 

estimated effect is consistent with the findings of (Känzig, 2021).

The above results demonstrate that supply and news shocks are distinct forces, 

each exerting a unique impact on the oil market. A supply shock leads to a per-

sistent increase in oil prices through realized changes in oil production, whereas 
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Figure A.10: Baseline Model Impulse-Response Function Estimation Results
Note: We report the impulse-response function estimates from the IV-SVAR with 12 lags. The first column shows 

the responses of yt to the oil supply shock zS,t, while the second column shows the responses to the oil supply news 

shock zN,t. Each shock is normalized to generate a 1% increase in the oil price on impact. The dashed lines are the 68% 

Anderson–Rubin confidence bands based on (Montiel Olea et al., 2021). The West Texas Intermediate price is used as the 

measure of crude oil price, and the Global Industrial Production Index of (Baumeister and Hamilton, 2019), obtained from 

the author’s website, is used as the measure of real economic activity. Oil price and inflation data are obtained from the 

FRED database, while global oil production data are taken from the EIA database. All four variables are expressed in log 

differences and converted to percentage terms, with inflation measures annualized. The IV series for the oil supply shock 

is based on (Kilian, 2008), updated by (Bastianin and Manera, 2018), and the IV series for the oil supply news shock is 

based on (Känzig, 2021). Both IV series are obtained from the replication materials of (Känzig, 2021). The sample period 

spans from July 1983 to December 2013.

the price increase associated with a news shock is highly significant but occurs 

without any corresponding change in market fundamentals.
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Moreover, both shocks exhibit recessionary effects, as shown by the responses 

of global industrial production. However, the response to the supply shock is gen-

erally insignificant, in contrast to the highly significant response to the news shock. 

These recessionary dynamics likely influence the extent of pass-through to head-

line CPI inflation. Regardless of the timing of supply cuts, whether immediate (zS,t) 

or anticipated (zN,t), oil supply shocks shift the supply curve of goods and services 

leftward due to rising oil prices.

At the same time, recessionary pressures may prompt consumers to adjust 

their spending behavior. Specifically, faced with budget constraints resulting from 

negative income shocks, driven by rising costs of necessities such as energy ex-

penditures, consumers may need to reduce spending on non-essential goods and 

services. This behavioral shift leads to a leftward movement in the demand curve 

for these items. Consequently, the price impact on such goods and services may 

be muted. In the following sections, we present further evidence supporting these 

mechanisms.

A.2.3 Impact on Inflation Rates of Major Expenditure Groups

To identify the propagation channels to headline inflation from the two OPEC 

IV shocks, we examine the responses of inflation rates across major expenditure 

categories, as shown in Figure (A.11). For a fair comparison of the inflationary 

effects of the supply and news IV shocks, we scale each shock to generate an 

initial 1% increase in the oil price.
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The notable findings are as follows. Both IV shocks generate qualitatively sim-

ilar effects on the inflation rates of major expenditure groups and on the headline 

CPI inflation rate. However, the confidence bands for the responses to zN,t are 

considerably tighter than those for zS,t. The increase in headline inflation appears 

to be primarily driven by higher energy inflation. In particular, the point estimates 

for energy inflation responses are roughly ten times larger than those for overall 

inflation under both shocks, whereas the inflationary effects become substantially 

smaller and statistically insignificant (or marginally significant) once energy items 

are excluded from the headline CPI.

The three figures in the second row reveal interesting patterns. Inflation for 

non-durable goods rises significantly, approximately twice as much as the headline 

inflation response, whereas inflation rates for durable goods and services respond 

only minimally or insignificantly. The weaker inflation responses for durable goods 

and services may reflect reduced demand caused by the recessionary effects of 

the OPEC shocks as shown in Figure (A.11). Confronted with oil shocks and sub-

stantial increases in energy-related expenditures, households may cut back on 

other spending, shifting demand away from items such as refrigerators and dining 

out, which in turn dampens the inflation responses for these categories.

Figure (A.12) provides additional evidence at the disaggregated level. Infla-

tion responses of energy commodities, such as motor fuel and gasoline (not re-

ported), are highly significant and quantitatively large. In contrast, energy services, 

including electricity and natural gas, display weaker but still statistically significant 
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Figure A.11: Responses of Inflation Rates across Major Expenditure Groups
Note: We report the inflation responses of the major expenditure groups. The blue lines depict the responses to the 

oil supply shock (zS,t), while the red lines correspond to the responses to the oil supply news shock (zN,t). Each shock 

is normalized to generate a 1% increase in the oil price on impact. The dashed lines represent the 68% Anderson–Rubin 

confidence bands, following (Montiel Olea et al., 2021). The sample period covers July 1983 to December 2013.

responses to the OPEC news shock zN,t, while the confidence bands remain con-

siderably wider for the responses to the OPEC supply shocks zS,t.

These results highlight how oil market shocks transmit into various parts of 

the consumer basket most strongly in the transport sector both public and private, 
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Figure A.12: Inflation Rate Responses of Disaggregated Energy Components
Note: We report the inflation responses of disaggregated energy components. The blue lines depict the responses 

to the oil supply shock zS,t, while the red lines depict the responses to the oil supply news shock zN,t. Each shock is 

normalized to generate a 1% increase in the oil price on impact. The dashed lines indicate the 68% Anderson–Rubin 

confidence bands, following (Montiel Olea et al., 2021). The sample period covers July 1983 through December 2013.

through higher fuel prices. Beyond transportation, we also find increase in house-

hold utility costs as well as higher price of food and beverage items, and apparel 

items.
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Our overall findings are consistent with the conclusions of (Kilian and Zhou, 

2022b) and (Känzig, 2021). Both shocks increase the price of gasoline as well 

as other fuels, such as electricity and natural gas, which are regularly used by 

average households.5 These higher fuel costs lead to price increases in specific 

components of the economy beyond the transport sector. For example, higher fuel 

and utility costs can raise inflation in the housing category. Similarly, higher elec-

tricity costs may be passed on to higher prices in communication and recreation 

items. Furthermore, these higher operating costs can also translate into higher 

food prices, particularly for food consumed at home.

A.2.4 Responses of Further Broken-Down CPI Components

This subsection presents the inflation responses of highly disaggregated CPI 

components. Figure (A.13) highlights several noteworthy comparisons.

Consistent with earlier results, energy-related CPI components such as Trans-

port and Gasoline increase substantially and significantly in response to OPEC IV 

shocks. Notably, Private Transportation CPI responds significantly to both supply 

and news shocks, whereas the response of Public Transportation expenditure is 

quantitatively smaller and only marginally significant, likely reflecting price rigidities 

in public transportation systems such as buses and subways.

Fuel and Utilities CPI and Household Energy CPI also rise in response to 

OPEC supply and news shocks, yielding statistically significant and economically 

5Detailed results are available upon request.
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substantial inflation effects. These findings are consistent with our earlier discus-

sion that expenditures on necessities are highly price inelastic. As a result, nega-

tive supply shifts are transmitted almost entirely into higher prices, since the limited 

demand response prevents offsetting downward adjustments along the demand 

curve. Food and Beverages CPI exhibit similar but somewhat weaker patterns, 

reflecting their status as necessities with slightly greater demand flexibility.

The responses of Food CPI and its two sub-components, Food at Home CPI 

and Food Away from Home CPI, also exhibit distinct patterns. Food inflation is pri-

marily driven by increases in the prices of items consumed at home following un-

expected oil price shocks. Confronted with OPEC supply or news shocks and con-

strained by their budgets, households economize by cutting back on more price-

elastic expenditures such as dining out, while being unable to substantially reduce 

spending on necessities consumed at home. The significant inflation responses of 

Food at Home CPI, together with the insignificant or even negative responses of 

Food Away from Home CPI, are consistent with this budget reallocation, reflecting 

a negative shift in the demand for non-necessities. 

Figure (A.14) displays kernel density estimates of the inflation responses for 

55 CPI components at the most disaggregated level. We report the estimated 

distributions at four horizons: on impact (contemporaneous), 3 months (short run), 

12 months (medium run), and 50 months (long run). The responses are shown 

separately for the OPEC supply shock (zS,t) and the OPEC news shock (zN,t). 

Corresponding summary statistics of these density estimates are provided in Table 

(A.2).

107



Figure A.13: Inflation Responses of Highly Disaggregated CPI Components
Note: We report the inflation responses of disaggregated energy components. The blue lines depict the responses 

to the oil supply shock zS,t, while the red lines depict the responses to the oil supply news shock zN,t. Each shock is 

normalized to generate a 1% increase in the oil price on impact. The dashed lines indicate the 68% Anderson–Rubin 

confidence bands, following (Montiel Olea et al., 2021). The sample period spans July 1983 to December 2013, except for 

Public Transport CPI, for which observations begin in February 1989.

We note that the average inflation responses exceed the median responses 

across all horizons (k = 0, 3, 12, 50), indicating that the estimated distributions are 

right-skewed, a finding confirmed by the estimated skewness. In other words, pos-

itive inflation responses occur more frequently. Furthermore, all kurtosis estimates 
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point to leptokurtic, that is, heavy-tailed distributions, implying substantial hetero-

geneity in the responses of disaggregated CPI components. Taken together with 

our earlier findings, this evidence suggests that the dynamics of headline CPI are 

not driven by the majority of the 55 disaggregated components, but rather are pri-

marily attributable to energy-related sub-components.

On impact (k = 0), the median inflation responses to both shocks are centered 

around zero, although the distribution for zN,t is more tightly concentrated near 

zero than that for zS,t. At the same time, the news shock exhibits heavier right 

tails, accompanied by a larger standard deviation and higher skewness. As the 

horizon extends to the short run (k = 3), the cross-sectional dispersion widens 

for both shocks, with the mass of the distribution shifting modestly toward positive 

inflation rates, as reflected in higher means and medians. The median short-run 

effect rises from 0.12% to 0.15% for the supply shock and from 0.02% to 0.11% 

for the news shock. In the long run (k = 50), the median further increases from 

0.20% to 0.26% for the supply shock, while the corresponding value for the news 

shock declines from 0.13% to 0.08%.

These results suggest that zS,t exerts more persistent effects, consistent with 

the characterization of zN,t as a front-loaded shock by (Känzig, 2021), whose ef-

fects are primarily observed at short horizons and dissipate relatively quickly. 
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Figure A.14: Kernel-Based Distributions of Inflation Responses across Disaggre-

gated CPIs
Note: We employ the Epanechnikov kernel density estimator to characterize the k-month-ahead inflation responses 

of 55 CPI components at the most disaggregated level, where k ∈ 0, 3, 12, 50. These responses are reported separately 

for the OPEC supply shock (zS,t) and the OPEC news shock (zN,t).

Table A.2: Kernel Density Estimations (Summary Statistics)

zS,t zN,t

k  0  3  12  50  0  3  12  50

 Mean  0.20  0.83  0.74  0.62  0.27  0.79  0.66  0.49 

 Median  0.12  0.15  0.20  0.26  0.02  0.11  0.13  0.08 

 StdDev  0.55  2.09  1.80  1.60  0.72  1.85  1.38  1.16 

 Min -0.84 -0.67 -1.16 -1.45 -0.49 -0.32 -0.35 -0.92 

 Max  2.19  8.67  6.80  5.88  2.92  7.17  6.06  4.69 

 Skewness  2.41  3.00  2.55  2.18  2.68  2.75  2.48  2.15 

 Kurtosis  9.64  11.02  8.64  7.55  9.44  9.29  8.53  7.35 

 Note: We employ the Epanechnikov kernel density estimator to characterize the k-month-ahead inflation responses 

of 55 CPI components at the most disaggregated level, where k ∈ 0, 3, 12, 50.
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List of CPI Indexes (Source: FRED Database)

 No. Category Series ID

 1 ALL ITEMS CPIAUCSL

SPECIAL INDEXES

 2 All Items Less Food and Energy CPILFESL

 3 All Items Less Energy CPILEGSL

 4 All Items Less Food CPIULFSL

 5 All Items Less Shelter CUSR0000SA0L2

 6 Energy Item CPIENGSL

 7 Energy Commodities CUSR0000SACE

 8 Commodities CUSR0000SAC

 9 Services CUSR0000SAS

 10 Durables CUSR0000SAD

 11 Nondurables CUSR0000SAN

 12 FOOD AND BEVERAGES CPIFABSL

 13 Food CPIUFDSL

 14 Food at Home CUSR0000SAF11

 15 Meats, Poultry, Fish, and Eggs CUSR0000SAF112

 16 Fruits and Vegetables CUSR0000SAF113

 17 Nonalcoholic Beverages and Beverage Materials CUSR0000SAF114

 18 Other Food at Home CUSR0000SAF115

 19 Other Foods CUSR0000SEFT

 20 Food Away from Home CUSR0000SEFV

 21 Alcoholic Beverages CUSR0000SAF116

 22 Alcoholic Beverages at Home CUSR0000SEFW

 23 Alcoholic Beverages Away from Home CUSR0000SEFX

111



 No. Category Series ID

 24 MEDICAL CARE CPIMEDSL

 25 Medical Care Commodities CUSR0000SAM1

 26 Medical Care Services CUSR0000SAM2

 27 Professional Services CUSR0000SEMC

 28 Hospital and Related Services CUSR0000SEMD

 29 HOUSING CPIHOSSL

 30 Shelter CUSR0000SAH1

 31 Rent of Primary Residence CUSR0000SEHA

 32 Owners’ Equivalent Rent of Residences CUSR0000SEHC

 33 Fuels and Utilities CUSR0000SAH2

 34 Household Energy CUSR0000SAH21

 35 Fuel Oil and Other Fuels CUSR0000SEHE

 36 Energy Services CUSR0000SEHF

 37 Electricity CUSR0000SEHF01

 38 Utility (Piped) Gas Service CUSR0000SEHF02

 39 Household Furnishings and Operations CUSR0000SAH3

 40 APPAREL CPIAPPSL

 41 Men’s and Boys’ Apparel CUSR0000SAA1

 42 Women’s and Girls’ Apparel CUSR0000SAA2

 43 Footwear CUSR0000SEAE
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 No. Category Series ID

 44 TRANSPORTATION CPITRNSL

 45 Private Transportation CUSR0000SAT1

 46 New Vehicles CUSR0000SETA01

 47 Used Cars and Trucks CUSR0000SETA02

 48 Motor Fuel CUSR0000SETB

 49 Gasoline (All Types) CUSR0000SETB01

 50 Motor Vehicle Maintenance and Repair CUSR0000SETD

 51 Public Transportation CUSR0000SETG

 52 Airline Fares CUSR0000SETG01

EDUCATION & COMMUNICATION

 53 Educational Books and Supplies CUSR0000SEEA

 54 Tuition, Other School Fees, and Childcare CUSR0000SEEB

RECREATIONN

 55 Toys CUSR0000SERE01

 56 OTHER GOODS AND SERVICES CPIOGSSL
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Appendix B

Chapter 2

B.1 List of PPI Indexes (Source: FRED Database)

 No. Category Series ID

 1 All Commodities PPIACO

 2 Industrial Commodities PPIENG

 3 Industrial Commodities Less Fuels PPIIDC

 4 Fuels and Related Products and Power WPU04

 5 Chemicals and Allied Products WPU06

 6 Rubber and Plastic Products WPU07

 7 Nonmetallic Mineral Products WPU13

 8 Textile Products and Apparel WPU03

 9 Farm Products WPU01

 10 Lumber and Wood Products WPU08

 11 Furniture and Household Durables WPU12

 12 Machinery and Equipment WPU11
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Appendix C

Chapter 3

Table C.1: Forecast Error Variance Decomposition of U.S. Oil Production at Dif-

ferent Stages to Oil Market Shocks

 Percent of h-Step Ahead Forecast Error Variance Explained by:

 Horizon (Months)  Flow Supply Shock  Flow Demand Shock  Oil Specific Shock  Residual Shock

 Number of New Well Drilled

 1  1.4  0.3  3.6  94.6

 2  14.6  0.3  12.6  72.6

 3  12.1  2.2  24.3  62.4

 6  9.2  9.7  36.5  44.5

 12  15.0  14.2  27.8  43.0

∞  16.4  12.8  25.9  44.9

 Number of Completed Drills

 1  1.2  2.2  8.8  87.8

 2  23.4  2.3  18.7  55.5

 3  20.4  2.0  28.7  48.9

 6  15.7  7.0  22.1  54.2

 12  13.9  14.7  20.4  51.0

∞  14.3  15.6  21.0  49.0

 Number of Uncompleted Drills

 1  0.2  1.0  2.5  96.3

 2  1.5  0.9  5.9  91.8

 3  3.7  2.4  8.5  85.4

 6  12.3  6.6  6.5  74.5

 12  9.6  8.4  13.6  68.2

∞  10.8  8.3  21.2  59.6

Note: Entries show forecast error variance decomposition (percent) across hori-

zons from a 4-variable SVAR model. Monthly data from 2008M01 to 2024M04.
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Figure C1: Response of Global Oil Production to Oil Market Shocks
 Note: Results are for SVAR(24) with intercept for three structural shocksidentified in the text.. First panel shows the 

responses to flow supply shock normalized to decrease rest of global oil production excluding U.S. by 1%. Second panel 

shows the responses to flow demand shock normalized to increase global economic activity by 1%. Third panel shows 

the response to oil specific shock that increases oil price by 1%. First column shows the response of rest of global oil 

production. Second column shows the response of U.S. conventional oil production. Third column shows the response 

of U.S. shale oil production. Errors are for 68% confidence interval. The confidence intervals were constructed using wild 

bootstrap. Calculations are based on 5,000 iteration. Monthly data spans 2008M01:2024M12.
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Figure C2: Response of Number of Rigs to Supply and Aggregate Demand Shock
 Note: Results are for SVAR(24) with intercept for four structural shocksidentified in the text.. First panel shows the re-

sponses to rest of global oil production shock normalized to decrease global oil production by 1%. Second panel shows the 

responses to U.S. shale oil supply shock normalized to decrease global oil production by 1%. Errors are for 68% confidence 

interval. Data spans 2008M01:2024M12.
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Figure C3: Response of Number of Rigs to Supply and Aggregate Demand Shock
 Note: Results are for SVAR(24) with intercept for four structural shocksidentified in the text.. First panel shows the re-

sponses to rest of global oil production shock normalized to decrease global oil production by 1%. Second panel shows the 

responses to U.S. shale oil supply shock normalized to decrease global oil production by 1%. Errors are for 68% confidence 

interval. Data spans 2008M01:2024M12.
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Figure C4: Response of Shale Oil Production to Supply Shock
 Note: Results are for SVAR(24) with intercept for four structural shocksidentified in the text.. First panel shows the re-

sponses to rest of global oil production shock normalized to decrease global oil production by 1%. Second panel shows the 

responses to U.S. shale oil supply shock normalized to decrease global oil production by 1%. Errors are for 68% confidence 

interval. Data spans 2008M01:2024M12.
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Figure C5: Response of Shale Oil Production to Demand Shock
 Note: Results are for SVAR(24) with intercept for four structural shocksidentified in the text.. First panel shows the re-

sponses to rest of global oil production shock normalized to decrease global oil production by 1%. Second panel shows the 

responses to U.S. shale oil supply shock normalized to decrease global oil production by 1%. Errors are for 68% confidence 

interval. Data spans 2008M01:2024M12.
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Figure C6: Response of Shale Oil Production to Oil Specific Demand Shock
 Note: Results are for SVAR(24) with intercept for four structural shocksidentified in the text.. First panel shows the re-

sponses to rest of global oil production shock normalized to decrease global oil production by 1%. Second panel shows the 

responses to U.S. shale oil supply shock normalized to decrease global oil production by 1%. Errors are for 68% confidence 

interval. Data spans 2008M01:2024M12.
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Figure C7: Response of Number of Drills to Supply Shock
 Note: Results are for SVAR(24) with intercept for four structural shocksidentified in the text.. First panel shows the re-

sponses to rest of global oil production shock normalized to decrease global oil production by 1%. Second panel shows the 

responses to U.S. shale oil supply shock normalized to decrease global oil production by 1%. Errors are for 68% confidence 

interval. Data spans 2008M01:2024M12.
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Figure C8: Response of Number of Drills to Demand Shock
 Note: Results are for SVAR(24) with intercept for four structural shocksidentified in the text.. First panel shows the re-

sponses to rest of global oil production shock normalized to decrease global oil production by 1%. Second panel shows the 

responses to U.S. shale oil supply shock normalized to decrease global oil production by 1%. Errors are for 68% confidence 

interval. Data spans 2008M01:2024M12.
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Figure C9: Response of Number of Drills to Oil Specific Demand Shock
 Note: Results are for SVAR(24) with intercept for four structural shocksidentified in the text.. First panel shows the re-

sponses to rest of global oil production shock normalized to decrease global oil production by 1%. Second panel shows the 

responses to U.S. shale oil supply shock normalized to decrease global oil production by 1%. Errors are for 68% confidence 

interval. Data spans 2008M01:2024M12.
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Figure C10: Response of Global Oil Production: U.S. Shale Oil Production vs Rest 

of Global Oil Production
 Note: Results are for SVAR(24) with intercept for four structural shocksidentified in the text.. First panel shows the re-

sponses to rest of global oil production shock normalized to decrease global oil production by 1%. Second panel shows the 

responses to U.S. shale oil supply shock normalized to decrease global oil production by 1%. Errors are for 68% confidence 

interval. Data spans 2008M01:2024M12.
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Figure C11: Response of Crude Oil Price to Global Oil Market Shocks
 Note: Results are for SVAR(24) with intercept for four structural shocksidentified in the text.. Both U.S. Shale Supply 

Shock and rest of global oil supply shock are normalized to decrease global oil production 1%. Aggregate demand shock 

normalized to increase global economic activity by 1%. Oil specific demand shock normalized to increase oil price by 

1%.Errors are for 68% confidence interval. Data spans 2008M01:2024M12.
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