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Abstract

This paper uses high frequency data on the distribution of US income to inves-

tigate the heterogeneous effects of oil supply news shocks. Using a FAVAR with an

external instrument, We show that these shocks have large negative effects on the

left and right tail of the distribution. For low income individuals, the effect is driven

by a decline in wages and proprietor’s income, while a fall in corporate profits and

interest income drives the effect for affluent individuals.
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1 Introduction

The recent energy crisis has again focused attention on oil prices. A large empirical liter-

ature has established the importance of oil shocks for economic fluctuations. In a recent

important contribution, Känzig (2021) uses a narrative approach to identify oil supply

news shocks, i.e. unexpected fluctuations in current and future oil supply, and shows that

these disturbances have a sizeable effect on US industrial production and CPI inflation.

By applying this identification approach, Känzig (2021) builds on a large literature that

reaches similar conclusions for oil market disturbances (see for e.g. Hamilton (2003),

Baumeister and Kilian (2016), Caldara et al. (2019)).

One common feature of this literature is the focus on aggregate macroeconomic out-

comes. In this paper, we exploit high-frequency data on the distribution of income and its

components for the US to investigate the distributional effects of oil supply news shocks.

We use a factor augmented VAR (FAVAR) to jointly model the oil market, macroeco-

nomic variables and income in deciles of distribution. The oil supply shock is identified

using the external instrument approach of Känzig (2021). The analysis leads to three key

findings:

1. While an adverse oil supply shock has the largest effect at the left tail of the income

distribution, the income of affluent individuals also declines relative to the median.

2. For individuals at the left tail, the decline in income is driven by a sharp fall in

wages and proprietor’s income.

3. At the right tail, income declines as the shock pushes down components of capital

income such as interest income and corporate profits.

Our paper is related to Berisha et al. (2021) who examine the impact of oil production

and dependency on the annual Gini coefficient for US states in a reduced-form setting.

Our analysis is an extension of Berisha et al. (2021), as we identify an oil supply shock

taking into account the effect of news and examine how the distribution and components

of income are affected rather than focusing one one measure of inequality.

The paper is organised as follows: The data and empirical model is described in Section

2 while Section 3 describes the main results.
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2 Empirical model and data

To estimate the impact of oil supply news on income for different groups of the population,

we use a factor-augmented VAR (FAVAR) model. The model is defined by the VAR:

Yt = c+
P∑

j=1

βjYt−j + ut (1)

where Yt =

(
zt

F̂t

)
, where zt denotes a set of variables pertaining to the oil market:

the real price of oil, world oil production and world oil inventories. F̂t represents factors

that summarize information in a panel of macroeconomic and financial series and the

individual-level data on income and its components, described below. The factors are

estimated using the non-stationary factor model of Barigozzi et al. (2021). Denote Xt as

the (M × 1) data matrix that contains the panel of macroeconomic and financial series

that summarize information about the economy, and also includes income data at the

dis-aggregated level. The observation equation of the FAVAR is defined as:

Xt = c+ bτ + ΛFt + ξt (2)

where c is an intercept, τ denotes a time-trend, Ft are the R non-stationary factors,

Λ is a M × R matrix of factor loadings, and ξt are idiosyncratic components that are

allowed to be I(1) or I(0). Note that the idiosyncratic components corresponding to the

disaggregated income data can be interpreted as shocks that are specific to those groups

and also capture possible measurement errors. The shocks to equation (1) represent

macroeconomic or common shocks. It is the response to these common shocks that is

relevant to our investigation. This ability to estimate the effect of macroeconomic shocks

while taking into account idiosyncratic errors via equation 2 is a key advantage of the

FAVAR over a VAR, where these two sources of fluctuations are harder to separate (see

De Giorgi and Gambetti (2017) and Cantore et al. (2023)). Moreover, by incorporating a

large data set, the FAVAR reduces the problem of information deficiency (see e.g. Forni

and Gambetti (2014)) and shock deformation (see e.g. Canova and Ferroni (2022)).

2.1 Identification of the Oil supply news shock

To identify the oil supply news shock, we use an external instrument approach (see e.g.

Stock and Watson (2008) and Mertens and Ravn (2013)). The residuals ut are related to
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structural shocks εt via:

ut = A0εt (3)

where cov (ut) = Σ = A0A
′
0. We denote the shock of interest as ε1t and the remaining

disturbances as ε−t. Identification of ε1t is based on the instrument mt that satisfies

the relevance and exogeneity conditions: cov (mt, ε1t) = α ̸= 0 and cov (mt, ε−t) = 0. As

discussed in the technical appendix, these conditions can be combined with the covariance

restrictions to obtain an estimate of the relevant column of the contemporaneous impact

matrix A0. In our benchmark model, we employ the instrument constructed by Känzig

(2021) which is based on variation in oil futures prices around OPEC announcements.

Känzig (2021) provides evidence to suggest that the instrument is relevant and exogenous.

2.2 Data and Estimation

As noted above, X includes both aggregate and individual-level data. The aggregate data

is taken from the Fred-MD database. This consists of 134 variables covering industrial

production, employment, consumer prices, asset prices, interest rates, exchange rates and

spreads1.

The data on individual level income is obtained from the Real Time Inequality database

constructed by Blanchet et al. (2022). Blanchet et al. (2022) construct monthly distri-

butions of income, wealth and their components by statistically matching the annual

distributional national accounts of Piketty et al. (2017) with the current population sur-

vey and the survey of consumer finances in order to incorporate demographic information.

They then construct monthly variables by re-scaling each component of income and using

information on the distribution of wages from monthly and quarterly survey and admin-

istrative data. We use factor income as our benchmark income measure. Factor income

is the sum of labour and capital income.2

We define 10 groups based on the deciles of factor income: P1, P2, . . . , P10. P1 includes

individuals that fall below the tenth percentile of factor income, P2 denotes individuals

above the tenth percentile but below the twentieth percentile and so on. We construct

average factor income, capital and labour income in each of these groups. In addition, we

calculate the average of the main components of capital and labour income in each group.

All of these income variables are deflated by the national income deflator and included in

1A full list of these variables is available on FRED-MD website.
2As in Blanchet et al. (2022) labour income is defined as the sum of wages and 0.7 times proprietors

income. Capital income is the sum of 0.3 times proprietors income, corporate profits, interest income,
rental income net of corporate taxes and non-mortgage interest payments.
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X. The sample ranges from 1976M1 to 2017M12.3

The number of factors in the FAVAR model is chosen via the information criteria of

Bai and Ng (2002). This procedure suggests the presence of 15 factors. The lag length

is set at 12.4 The parameters of the VAR model in (1) are estimated using a Bayesian

approach. We use a Markov chain Monte-Carlo algorithm to approximate the posterior

distributions.5 We employ 11, 000 iterations, retaining every 10th draw after a burn-in

period of 1000.

3 Empirical results

Before turning to the effect of the oil supply news shock on the distribution of income, we

show the response of selected aggregate variables to this shock in Figure 1. These results

broadly support the conclusions reached by Känzig (2021). A 10% increase in the oil price

leads to an increase in oil inventories and the median response of oil production is negative

at medium horizons, albeit with large error bands. The shock depresses both global and

US industrial production and leads to increase in the US unemployment rate and CPI.

The shock has a limited effect on short-term interest rates but affects financial conditions

adversely, with the BAA spread increasing and the stock market index declining.

3.1 Impact on the distribution of income

Figure 2 shows our main result. The left panels of the figure show the median response of

total income, labour income and capital income, averaged in each group defined by deciles

of total income. The right panels present the response of these variables in each decile

group, along with 90% error bands at the 2 year horizon. The top row of the figure shows

that the oil supply shock has the largest effect on income of individuals on the left tail–for

the first decile, total income declines by 1% at the 2 year horizon. The impact is smaller

towards the center of the distribution with the income of individuals in groups P6 and P7

falling by less than 0.5 %. However, for the top 10 %, the effect of the shock appears to

be relatively larger. The second row of the figure shows that the impact on the left tail is

driven by the large negative reaction of labour income. In contrast, capital income, that

constitutes a larger proportion of income at the right tail, barely reacts significantly below

3As discussed in Känzig (2021), the instrument is only available from 1984M4 and the estimation of
the A0 matrix uses this sample.

4Our main results are robust to the number of factors and lags
5The prior and posterior distributions for the VAR parameters are standard and described in the

appendix.
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the median at the 2 year horizon. For high income individuals, capital income declines

substantially driving the larger reaction of total income observed for this group. Figure

3 shows the reaction of some of the main components of labour and capital income to

the oil shock and suggests two key conclusions.6 First, the shock leads to a decline in

labour income at the left tail as both wages and proprietor’s income declines. Second,

capital income is adversely affected at the right tail – the shock is associated with a fall

in interest income for groups P7 to P10 and corporate profits for the top decile, possibly

as a result of the rise in corporate spreads and fall in interest rates.

3.2 Robustness

We carry out a number of robustness checks that are presented in detail in the technical

appendix. A summary is as follows:

1. Identification: As discussed in Känzig (2021), the oil supply news shock can also

be identified under weaker assumptions: i.e. allowing for the possibility that other

disturbances occur at the same time as the news shock. One method to accomplish

this is identification via heteroscedasticity, which only requires the assumption that

the variance of oil supply news shocks increases around OPEC announcements while

the variance of other shocks remains unchanged. We show in the technical appendix

that we obtain very similar results to benchmark when the oil shock is identified.

In particular, the shock has the largest effect on income at the left tail.

2. Specification and model: The results are also preserved for FAVAR models with

alternative lag lengths and number of factors. As a further check we estimate the

VAR model of Känzig (2021) adding the deciles of income measures one by one to

the original set of endogenous variables. As shown in the appendix the results from

this model support the benchmark conclusions regarding the distributional effects

of the shock.

4 Conclusions

This paper shows that adverse oil supply news shocks have a heterogeneous effect on the

US income distribution. While the impact of the shock is largest at the left tail of the

distribution, more affluent individuals are also significantly affected by the shock. An

6Note that interest income is defined as income from currency bonds and deposits
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examination of the components of income suggests that these results are driven by a

decline in the labour income of the former group and capital income of the latter.
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Figure 1: Impulse response functions of selected variables to an oil supply news shock.
The shock is normalised to increase the oil price by 10%. The solid lines are the medians
while the shaded area represents the 90% error band
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Figure 2: Impulse response functions of total income, labour income and capital income.
The shock is normalised to increase the oil price by 10%. The first column shows the
median response. The right panel shows the response at the 2 year horizon. The solid
lines are the medians while the shaded area represents the 90% error band. P1, P2, . . . , P10

denotes the decile groups.
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Figure 3: Impulse response functions of the components of labour and capital income The
shock is normalised to increase the oil price by 10%. The first column shows the median
response. The right panel shows the response at the 2 year horizon. The solid lines are
the medians while the shaded area represents the 90% error band. P1, P2, . . . , P10 denotes
the decile groups.
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1 Model estimation

The FAVAR model is defined by the following equations:

Xit = ci + biτ + ΛiFt + ξit (1)

Yt = c+
P∑

j=1

βjYt−j + ut (2)

cov (ut) = Σ = A0A
′
0 (3)

Where Yt =

(
Rt

Ft

)
︸ ︷︷ ︸

N×1

, Rt denotes the 1 year interest rate, i = 1, 2, ..,M denotes the

cross-sectional dimension of the panel data-set Xit while t = 1, 2, .., T is the dimension.

As described in Barigozzi et al. (2021), the factors can be consistently estimated using

a principal components (PC) estimator. In particular, the factor loadings are estimated

via PC analysis of the first differenced data ∆Xit. With these in hand, the factors are

estimated as F̂t = 1
M

(
Λ̂′X̃t

)
. Here,Λ is the matrix of factor loadings, X̃t is given by

(x1t, x2t, ..., xMt) where xit = Xit − ĉi − b̂iτ Note that Barigozzi et al. (2021) describe a
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procedure to check if the ith series contains a linear trend and that b̂i is different from

zero.

Given the estimated factors, the VAR in equations 2 is estimated using a Bayesian

methods.

1.1 Priors

Denote the var coefficients as B = vec ([β1, β2, .., βP , c]). We follow Banbura et al. (2007)

and use a Natural Conjugate prior implemented via dummy observations. The priors are

implemented by the dummy observations yD and xD that are defined as:

yD =



diag(γ1s1...γnsn)
κ

0N×(P−1)×N

diag (s1...sn)

..............

0EX×N

 , xD =



JP⊗diag(s1...sn)
κ

0NP×EX

..............

0N×(NP )+EX

..............

0EX×NP IEX × 1/c

 (4)

where JP = diag(1, 2, ..., P ), γ1 to γn denote the prior mean for the parameters on the

first lag obtained by estimating individual AR(1) regressions, s1 to sn is an estimate of the

variance of the endogenous variables obtained individual AR(1) regressions, κ measures

the tightness of the prior on the autoregressive VAR coefficients, and c is the tightness of

the prior on the remaining regressors. We set κ = 0.2 and c = 1000. We also implement

priors on the sum of coefficients (see Banbura et al. (2007)). The dummy observations

for this prior are defined as:

ỹD =
diag (γ1µ1...γnµn)

τ
, x̃D =

(
(11×P )⊗ diag(γ1µ1...γnµn)

τ
0N×EX

)
(5)

where µi is the sample average of the ith variable. As in Banbura et al. (2007) we set

τ = 10κ. The total number of dummy observations is TD.

1.2 MCMC algorithm

Banbura et al. (2007) show that posterior distribution can be written as:

g (Σ|Y ) ∼ iW
(
Σ̄, TD + 2 + T −K

)
(6)

g (B|Σ, Y ) ∼ N
(
B̄,Σ⊗ (X ′

∗X∗)
−1
)

(7)
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where iW denotes the inverse Wishart distribution, K denotes the number of regressors

in each equation of the VAR model. Note that Y∗ =

 Y

yD

ỹD

 and X∗ =

 X

xD

x̃D

, X

collects the regressors, and

B̃ = (X ′
∗X∗)

−1
(X ′

∗Y∗)

B̄ = vec
(
B̃
)

Σ̄ =
(
Y∗ −X∗B̃

)′ (
Y∗ −X∗B̃

)
Posterior draws can be easily generated by drawing Σ from the marginal distribution in

6 and then b from the conditional distribution in equation 7. We set the number of draws

to 10,000 with a burn-in of 1,000.

2 IV Identification

For a given draw of B,Σ and ut, we obtain the first column of A0by using the procedure

proposed by Mertens and Ravn (2013). We assume that the instrument is relevant and

exogenous:

cov (mt, ε1t) = α

cov
(
mt, ε

−
t

)
= 0

where ε1t denotes the structural shock of interest that is ordered first for convenience,

while ε−t represent all remaining shocks and εt =
(

ε1t ε−t

)
. Re-writing the relevance

and exogeneity conditions in vector form:

E(mtε
′
t) = [α 0] (8)

E(mtε
′
tA

′
0) = [α 0]A′

0 (9)

E(mtu
′
t) = αa0 (10)
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where a0 is a (1 × R) vector corresponding to the first row of A′
0 (hence first column of

A0). An estimate of E(mtu
′
t) =


E(mtu

′
1t)

E(mtu
′
2t)

.

.

E(mtu
′
Nt)



′

can be easily obtained by using a linear

regression. However, α on the RHS of equation 10 is unknown. This parameter can be

eliminated by normalising the left and the right hand side by dividing by the first element

of E(mtu
′
t) and a0, respectively. Therefore the impulse vector to a unit shock is given by

ã0 =



1
E(mtu′

2t)

E(mtu′
1t)

.

.
E(mtu′

Nt)

E(mtu′
1t)



′

.

3 Robustness

3.1 Identification by Heteroscedasticity

Following Känzig (2021), we also consider identifying the oil supply news shock using

an approach based on heteroscedasticity. The shock is identified by assuming that the

variance of the oil supply news shock increases on OPEC announcement days, while the

variance of all other disturbances remains the same. As described in Känzig (2021),

this assumption can be used to estimate the impact vector. we use this identification as

an alternative to the instrument-based approach in the FAVAR. As shown in Figure 5,

the impulse responses of the distribution of income and components are similar to the

benchmark case.

3.2 Model

We conduct further tests to ensure the reliability of our results. We provide insights

from a proxy-BVAR model, similar to the one used by Känzig (2021). Here, we employed

Bayesian methods to estimate the model. The variables included in our estimation are the

same as those used by Känzig (2021). The shock is normalised to produce a 10% increase

in the oil price. We set the lag length to 12, calculate 11000 iterations and save every

second draw after burning the first 1000. The findings confirm the asymmetric effects

along the distribution presented in the baseline estimation.
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3.3 Specification

In this section, we present insights obtained by modifying the baseline model in different

ways. Specifically, we reduced the number of factors to 10 and the lag length of the

FAVAR to 6. The results of these exercises are presented in Figures 3 and 4, respectively.

We find that the outcomes are consistent with previous findings, and altering the number

of lags or factors does not significantly impact the results.

4 Data

We use Household data from the real-time inequality database. Following Blanchet et al.

(2022) this database creates monthly income distributions, available within a few hours

after the publication of official high-frequency national accounts aggregates. It uses only

publicly available data sources and combines monthly and quarterly survey data with

corresponding monthly and quarterly national account statistics in a unified framework.

Income aggregates such as factor, pretax, disposable and posttax income as well as their

components are derived at a monthly frequency. Hereby, the authors use monthly and

quarterly national accounts provided by the Bureau of Economic Analysis. In the next

step, the authors make use of the annual data provided by Piketty et al. (2018), who

combine IRS tax microdata, surveys and national accounts data and construct annual

distributions of income and wealth that are consistent with the national accounts aggre-

gates. Converting annual data into monthly data involves two main challenges. First, the

existing annual income distributions are adjusted to match monthly totals, which is done

through normalisation. However, as pointed out by the authors, income components may

change differently every month, leading to redistribution effects. To account for these

high-frequency changes in the income components, the authors need to update the files

monthly to ensure a representative distribution. The second step involves incorporating

these changes into the dataset by adjusting the month-to-month evolution of income com-

ponents. Our study uses the provided monthly files from January 1976 to December 2017

to derive income data for each decile of the distribution.

Figure 5 shows how each income component contributes to the total income of each

decile group over time1. We use factor income (code: princ) as our measure of total gross

income, which in turn adds up to national income. The observations and distribution

are scaled on the household level. Total income is defined as the sum of labour income

1Since some income components take negative values for some months, we were forced to eliminate
these and only focused on the main components that define total income to derive the figure.
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and capital income. To calculate labour income, we follow Blanchet et al. (2022) and

add the compensation of employees (code: flemp) and 70% of proprietors’ income (code:

proprietors). For capital income, we add 30% of proprietors’ income with corporate profits

(code: profits) and interest income (code: fkfix). The latter captures the income from

currency, deposits, and bonds. Moving up the distribution, it becomes apparent that

the percentage of capital income increases. Corporate profits and interest income are the

main contributors to capital income, which is consistent with the explanations of Blanchet

et al. (2022), who created these datasets.
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Figure 1: Impulse response functions of total income, labour income and capital income.
Shock identified using heteroscedasticity. The shock is normalised to increase the oil price
by 10%. The first column shows the median response. The right panel shows the response
at the 2 year horizon. The solid lines are the medians while the shaded area represents
the 90% error band. P1, P2, . . . , P10 denotes the decile groups.
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Figure 2: Impulse Response functions from a Bayesian proxy-VAR estimation. The figure
displays the 90% confidence bands to an oil price shock. The shock is normalised to
produce a 10% increase in the oil price. We used a loose prior for the estimation.
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Figure 3: Impulse Response functions from a FAVAR estimation with 6 lags. All other
settings equal the baseline specification.
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Figure 4: Impulse response functions obtained from the benchmark FAVAR model with
10 factors. All other settings equal the baseline specification.
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Figure 5: Income Decomposition for every decile group of the income distribution. The
figure displays real income values. Labour income is defined as the sum between 0.7*pro-
prietors’ income and the compensation of employees. Interest income is the total income
generated from currency, deposits, and bonds. Corporate profits are defined as income
from businesses, while proprietors’ income is the share of income earned by proprietors,
classified as capital income (i.e., 30%). Hence, the total of the upper components (interest-
, corporate- and proprietors’ income) represents capital income.
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