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We analyse if the transmission of oil price shocks on the U.S. economy has changed since the U.S. shale oil boom. To do so we allow for
spillovers between industries and employment at both the state and the
country level. We identify and quantify these spillovers using a factoraugmenter vector autoregressive (VAR) model with time-varying coefficients and stochastic volatility. The model allows for resource movements and spending effects through a large panel of variables, while
also identifying disturbances to other shocks. We find considerable
changes in the way oil price shocks are transmitted to the U.S. economy since the shale oil boom. In particular, we find increasingly positive spillovers to both oil producing and non-oil producing states from
an increase in the oil price; effects that were not present before the
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Introduction

Since June 2014, the real price of oil has declined by almost 70%. According
to the oil-macroeconomic time series literature, such a decline should lead to
a boost to economic growth, as the decrease in oil price is associated with a
downward shift in the cost of producing domestic output. At the same time,
the demand for other goods and services should increase as consumers have
more money to spend out of their pockets. Hence, on average, growth should
be picking up.1 However, little empirical evidence has been found to back up
such a claim. In fact, according to a recent IMF Survey (March 2016), cheap
oil does not seem to have given a boost to U.S. real economic growth.
Why didn’t the massive oil price decline stimulate U.S. growth? One
obvious suggestion, is that the U.S. has reduced its dependence on petroleum
imports as its own production of oil has surged. When oil prices fell, oil
producers were instead hurt, and this may have affected the overall economy
negatively. Figure 1 illustrates the transition. It shows how net imports of
crude oil has plummeted from 2005/2006 as the shale oil boom has led to
strong recovery of production of crude oil. In fact, the amount of crude oil
produced in the U.S. is now at levels in line with the worlds two largest oil
producers: Russia and Saudi Arabia, see Figure 2.
So far, however, studies analysing whether the shale boom has fundamentally changed the transmission of oil shocks to the U.S. economy have found
inconclusive results. In particular, Baumeister and Kilian (2017) analyse the
effects of the recent oil prices decrease on the U.S. economy using simple
regressions, and conclude that while real investments in the oil sector has
declined, private real consumption and non-oil related business investments
have been positively stimulated by the oil price decline, offsetting the negative drawback from the oil sector. Thus, according to Baumeister and Kilian
(2017), the U.S. still responds to the oil price shocks as a net oil importer;
when oil prices are increasing GDP is decreasing, and vice versa.
We challenge this claim on two grounds. First, we believe that to go from
1

See for instance, Hamilton (2009), Kilian (2009), Kilian et al. (2009), Peersman and Robays
(2012), Cashin et al. (2014), Aastveit (2014), Edelstein and Kilian (2007), Edelstein and
Kilian (2009) and Iacoviello (2016).
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a net oil importer to a net oil exporter requires capital, technology, labour,
skills and time. Furthermore, such a transition does not happens over night.
In fact, the seed of the shale gas boom was planted already in the late 1970s
when U.S. government decided to fund R&D programs and provided tax
credits for developing unconventional natural gas. Still, it was not before
the private entrepreneurship from Mitchell Energy experimented with new
techniques for drilling shale in the early 2000s, i.e., combining horizontal
drilling with hydraulic fracturing, that things escalated and the natural gas
boom spread to oil.2
Second, during such a transition process, there may be learning by doing
(LBD) and potential important spillovers from the oil sector to the rest of
the economy, c.f. Bjørnland and Thorsrud (2016) for an analysis of Australia
and Norway. We believe that this knowledge is particularly important to
take into a count when analysing the role of oil in the U.S. today. In line
with this, several recent papers that focus on the impact of natural resources
on regional economic performance of the U.S. using panel data have found
evidence of positive spillovers, see for instance, Allcott and Keniston (2015),
Weber (2012), Maniloff and Mastromonaco (2014), Fetzer (2014) and Feyrer
et al. (2015).3 Despite different methods, measures of oil and gas activity,
areas of study, and time frames, most of these studies consistently find that
energy extraction benefits local employment and there are modest effects from
the oil and gas sector on total employment.4
2

Natural gas from shale could now be economically produced, which led to dramatic increase
in natural gas production, and consequently lower prices of natural gas in the U.S. In 2009,
when oil prices were relatively high, firms began to experiment with using shale technology
to extract oil. Several firms were successful in adopting shale technology in oil basins and
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production of shale oil has increased significantly.
For instance, Allcott and Keniston (2015) examine county-level data to investigate the
local and spillover effects of boom-bust cycles in natural resource production, Weber (2012)
examines county level direct effect of drilling, Maniloff and Mastromonaco (2014) study
the effect of the number of wells on local economies, Fetzer (2014) estimates the effect of
any drilling activity after 2007 while Feyrer et al. (2015) measure the effect of new oil and
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gas production on income and employment.
In addition, in a newly study Gilje et al. (2016) analyze the effect of shale oil development
on asset prices. Using the shale oil discovery announcement as their measure of technology
innovation the authors find that in the period from 2012 to 2014 these technology shocks
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Common to these studies, however, is the fact that they typically focus on
short term local effects rather than dynamic effect for the general macroeconomy. On the other hand, papers using time series techniques typically rely on
time-invariant regressions for the general macroeconomy, implicitly assuming
that the effect of oil shocks has not changed over time, and that the role of
the oil sector is of less importance.
We propose a modeling framework that combine these approaches. In
particular, we account for spillovers from oil to various sectors and states in
the U.S. economy, while also allowing these dynamics to vary over time. In so
doing, we investigate whether the effects of oil price shocks on the US economy
have changed during the last 17 years. We combine several approaches already
developed in the literature but in a separate manner. First, in line with Kilian
(2009) and Aastveit et al. (2015) we identify different global shocks driving
up the oil prices. Secondly, we analyze the effects on the U.S. economy both
at country- and state-levels, allowing for dynamic interactions with the global
economy. For this purpose we use time-varying parameters factor-augmented
VAR (FAVAR) model with stochastic volatility (Korobilis (2013), Bernanke
et al. (2005), Primiceri (2005)).
The TVP FAVAR model is particularly useful to answer this research
question we address. First, this modeling framework allows us to distinguish
between different type of shocks. Second, we are able to simultaneously estimate direct and indirect spillovers between the different sectors of the economy. Third, we can estimate responses to the shock of interest for a large
number of variables that is not possible with standard multivariate time series techniques due to the curse of dimensionality. Lastly, we are able to take
into account the time variation and investigate how the effects of shocks on
country’s economy have changed over time and at the same time control for
increased volatility in the oil market. To the best of our knowledge this is
the first paper that jointly model the interaction between the oil market and
the U.S. economy and at the same time examines how the effects of oil price
shocks have changed with the fracking revolution both at state and country
levels.
explain a significant component of cross-sectional and time series variation in both asset
prices and employment growth.
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We find substantial changes in the way the U.S. economy reacts to an oil
price shock. Our analysis suggests that after the emergence of the shale oil
sector, an increase in the oil price has positive spillovers to the rest of the
economy, that were not present in the previous period, hence an oil price decline has negative effects. In particular, we find that resource sector stimulate
nonresidential business investments both oil and non oil related, this lead to
increase in employment both in oil producing and manufacturing intensive
states, consequently there are positive spillovers to real personal income, and
personal consumption is no longer suffering from increase in oil prices. These
results are quite the opposite to Baumeister and Kilian (2017), who claimed
that there is no evidence that the emergence of the shale oil sector has changed
the transmission of oil price shocks on the U.S.
The remainder of the paper is structured as follows. Section 2 describes
the FAVAR model and the dataset. Empirical results are discussed in Section
3, while Section 4 analyses robustness. Finally, Section 5 concludes.

2

Modeling Framework

The model presented in this paper is a time-varying parameters factor-augmented
vector autoregressive (TVP-FAVAR) model with stochastic volatility. In our
modeling strategy we use a two-step estimator proposed by Korobilis (2013) .
The factors are replaced by the first principal components obtained from the
singular value decomposition of the data matrix, and consequently treated
as observed. These factors are used in a time-varying VAR model with both
time varying coefficients and time varying variance covariance matrix of innovations (Primiceri (2005)). The drifting coefficients are meant to capture
possible nonlinearities or time variation in the lag structure of the model. The
multivariate stochastic volatility is meant to capture possible heteroscedasticity of the shocks and nonlinearities in the simultaneous relations among
the variables of the model.
In our model we let all model coefficients evolve continuously, allowing the
data to tell us when and how any changes may have occurred. We also allow
for time varying heteroskedasticity in the VAR innovations that accounts for
changes in the magnitude of structural shocks and their immediate impact.
5

Ignoring stochastic volatility may lead to lack the accuracy of estimates for
coefficients, making standard deviation wider and posterior means apart from
their true value.
Let Yt be l × 1 vector of observable economic variables assumed to drive
the dynamics of the economy. Additional domestic information, not captured
by Yt , is assumed to be summarized by k × 1 vector of unobservable factors
Ft that we extract from a larger dataset Xt of dimension n × 1. We assume
that Xt can be described by an approximate dynamic factor model given by
Xt = Λf Ft + Λy Yt + et

(1)

where Λf and Λy are n × k and n × l matrices of factor loadings and the
error terms et ∼ N (0, R) , are uncorrelated with the common component Ft .
The joint dynamics of Ft and Yt are given by following transition equation:
Yt
Ft

!
= b1t

Yt−1

!
+ ... + bpt

Ft−1

Yt−p

!

Ft−p

+ ut

(2)

where bjt are m×m coefficient matrices for j = 1, .., p and t = 1, ..., T , with
m = l+k. The ut is an unconditionally heteroskedastic disturbance term that
is normally distributed with zero mean and time-varying covariance matrix
Ωt . According to the literature on efficiently parametrizing large covariance
matrices, Primiceri (2005), we decompose Ωt in the following way:
0

−1
Ωt = A−1
t Σt Σt (At )

(3)

where Σt is a diagonal matrix that contains the stochastic volatilities and
At is a unit lower triangular matrix with ones on the main diagonal that
models the contemporaneous interactions among the variables in equation 2.
In the case when m = 4 these two matrices look as following
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Stacking all the parameters in the vectors Bt = (vec(b1t ) , ..., vec(bpt ) ) ,
0

0

0

0

0

0

logσt = (logσ1,t , ..., logσm,t ) and αt = (aj1,t , ..., aj(j−1) ) for j = 1, ..., m we
follow the standard convention and assume that these sets follow random
walks.
Bt = Bt−1 + ηtB
αt = αt−1 + ηtα

(6)

logσt = logσt−1 + ηtσ
The innovations in equation 5 are assumed to be jointly normally distributed with the following assumptions on the variance covariance matrix:
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(7)

where Im is an m-dimensional identity matrix, Q, S and W are positive
definite matrices. In addition, we postulate a block-diagonal structure for
S, with blocks corresponding to parameters belonging to separate equations.
Thus, the shocks to the coefficients of the contemporaneous relations among
variables in equation 5 are assumed to be correlated within equations, but
uncorrelated across equations. We also assume that errors in equations 1 and
5 are uncorrelated with each other.

2.1

Estimation

We estimate our model using computationally simple two-step estimation
method (see Korobilis (2013), Stock and Watson (2005) ). In the first step
we extract principal components from Xt and obtain estimates of the common
factors. Note that we do not impose the constraint that Yt is the common
component. So if the global activity and the oil price are common components, it should be captured by the principal components. To remove Yt
from the space covered by the principal components, we follow the approach
7

advocated by Boivin and Giannoni (2007), and impose the constraint that
observable variables are two of the factors in the first-step estimation. We
start with an initial estimate of Ft , denoted by Ft0 and obtained as the first
K principal components of Xt . We then iterate through the following steps:
1. RegressXt on Ft0 and the observed factors Yt and obtain λ̂0Y
2. Compute X̂t0 = Xt − λ̂0Y Yt
3. Estimate Ft1 as the K principal components of X̂t0
4. Repeat the procedure multiple times
This procedure guarantees that the estimated latent factors will recover
dimensions of the common dynamics not already captured by the two observable variables, Yt .
Then in the second step we estimate model parameters conditional on the
estimated factors.

2.2

Identification

Ones we have estimated the factors, we can estimate a time-varying parameters VAR in equation 5.
In our application Yt is 2 × 1 vector (l = 2) and we identify two structural
shocks related to the oil market: a global demand shock and an oil price shock.
Specifically, we identify an oil price shock in a recursive manner, ordering oil
price after global activity.
We follow the usual assumption from the models of commodity markets,
and restrict global activity to respond to oil price disturbances with a lag,
see e.g., Hamilton (2009). In tern, any unexpected news regarding global
activity is assumed to affect oil price contemporaneously, see e.g., Kilian
(2009), Aastveit et al. (2015). In contrast to these papers, and to keep our
empirical model as parsimonious as possible, we do not explicitly identify
a global oil supply shock. However, inclusion of such shock gives similar
results (not shown here). In the short run, domestic structural shocks have no
contemporaneous effect on global variables. In tern domestic factors respond
to global shocks on impact. The factors are not identified separately and
8

factor innovations are not given any structural interpretation. The applied
recursive identification scheme does not allow the U.S. domestic factors to
affect the global real activity and the real price of oil on impact, however
the U.S. is still a part of the global activity measure. Thus, a shock that
originates in the U.S. can still affect the real price of oil contemporaneously
via the global activity measure.
One of the advantages of using a FAVAR model is that the responses for
a large number of variables to different structural shocks can be analyzed
with a minimal number of identifying restrictions. In particular, it is possible
to calculate impulse responses for all of the variables included in Xt . We
emphasize that all observable variables in Xt , may respond to all shocks
on impact inasmuch as they are contemporaneously related to the factors
through the loading matrices, Λf and Λy .

2.3

Data

We use 76 quarterly series (described in 5). The sample runs from 1990Q1
to 2016Q4. The 73 macroeconomic indicators for the U.S. economy are collected in Xt , among others we include prices, consumption, investment series,
stock prices, personal income, IP series and interest rates. We also distinguish between oil-related and non-oil employment in 50 states of the U.S. As
our observable variables, we include a measure of global economic activity
and the real price of oil. All the series were initially transformed to induce
stationarity and demeaned, series in Xt were also standardized.
Global Economic Activity
We use two data series to measure global economic activity: index of global
real economic activity in industrial commodity markets and QoQ percentage
change in GDP for OECD countries. From these two series we extract one
principal component, and then require that this factor loads with one on the
second series (GDP OECD). This identification is done in order to get the
right scale and sign of the extracted factor, and do not affect factor’s space,
for further details we refer to Bai and Ng (2013). Once we have identified the
factor, we put it in Yt vector and treat it as an observable variable.
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2.4

Model specification

The first 9 years are used to calibrate prior distributions. The system in 1
and 5 is estimated using 2 latent factors in the vector Ft . The two extracted
factors explain roughly 57% of the variation in Xt . We use 4 lags in estimating
VAR in equation 5.5

2.5

Simulation method

The parameters in the factor equation (1) are sampled using standard arguments for linear regression models Koop (2003). The TVP VAR model in
equation 5 is estimated by simulating the distribution of the parameters of
interest, given the data. Following Primiceri (2005) Gibbs sampling is carried
out in four steps, drawing in turn time varying coefficients (Bt ), simultaneous
relations (At ), volatilities (Σt ) and hyper parameters (Q, W, S), conditional
on the observed data, estimated factors and the rest of the parameters.

2.6

Priors

For the parameters of equation 5 we use an informative prior based on the
training sample in line with Primiceri (2005). The mean and the variance of
B0 and αo are chosen to be OLS point estimates and four times their variance
in a time invariant VAR, estimated on initial subsample. For log σ0 instead,
the mean of the distribution is chosen to be the logarithm of the OLS point
estimates of the standard errors of the same time invariant VAR, while the
variance covariance matrix is arbitrarily assumed to be identity matrix.
B0 ∼ N (B̂OLS , 4V ar(B̂OLS ))
α0 ∼ N (α̂OLS , 4V ar(α̂OLS ))
logσ0 ∼ N (logσ̂OLS , In )
2
Q ∼ IW (kQ
(1 + dimB )V ar(B̂OLS ), 1 + dimB )
5

Hamilton and Herrera (2004) show that an overly restrictive lag length can produce misleading results regarding the effects of oil market shocks on the macro economy, while
increasing the lag length to over one year has negligible effects.
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2
(1 + dimW )Ip , 1 + dimW )
W ∼ IW (kW

Si ∼ IW (kS2 (1 + dimSi )V ar(Âi,OLS ), 1 + dimSi )
where dimB = m × m × p, dimW = m and dimSi = 1, .., m − 1
The benchmark results presented in this section are obtained using the
following values: kQ = 0.01, kS = 0.1, kW = 0.1
We specify the prior densities on factor loadings in equation 1 to be
h
i
λfi , λyi ∼ N (01×m , 4Im )

3

Results [To be completed]

In this section we report the empirical results of the model presented above. In
particular we are interested in the impulse responses to an oil price shock. An
increase in oil price due to this shock, will be contemporaneously unrelated
to global activity. A common way to report responses of the endogenous
variables in structural VAR models is to use one standard deviation shock.
However, in the models where volatility changes over time, one standard
deviation shock correspond to a different-sized shock at each point in time.
Therefor, we normalize the dynamic effects of exogenous oil price shock to a
1 percent increase in the oil price on impact at each point in time.
We present two types of figures showing impulse responses. First we report
median responses of selected variables to 1% increase in the oil price for 8
different dates of the sample. The dates chosen for comparison are 2002:Q3,
2004:Q3, 2006:Q3, 2008:Q3, 2010:Q3, 2012:Q3, 2013:Q3, and 2014:Q2; these
are chosen arbitrarily and are not crucial for our conclusion. The second type
of figures report the evolution of the responses over the last 16 years after 4
quarters for the same type of shock. The reason for this choice is that the
greatest effect of an oil price shock occurs after about three to four quarters
according to Hamilton (2008), Herrera and Pesavento (2009), Clark and Terry
(2010), Peersman and Robays (2012). However, our conclusions are robust
for alternative horizons, as shown in the appendix. All estimated responses
have been accumulated and are shown in levels.
Figures 3 and 4 present responses of selected macroeconomic aggregates.
Several results stand out. The oil price increase is strongly associated with
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increase in oil related investment and consumer prices (CPI). This effect is
significant during the whole sample and is in line with our expectations:
higher oil price makes it more profitable for oil firms to produce, and hence
firms increase their investments. At the same time higher oil price leads
to higher cost for other firms, hence prices goes up. On the other hand,
for stock market (S&P500), real personal income, real private consumption
expenditure, and nonresidential business investments (non oil related) there
have been a shift around year 2012 (somewhat earlier for S&P 500) in the way
these aggregates respond to an increase in the oil price. From figure 4 we can
see that the effect of an increase in the oil price becomes significantly positive
after year 2014 for nonresidential investments and real personal income. For
S&P 500 this happens earlier, around year 2012. Also from around year 2010
private consumption is no longer suffering from increase in oil prices.
The next two figures (Figures 5 and 6) show responses of Industrial Production series divided according to industry groups. As we can see the effect
of higher oil price on mining is significantly positive, and seems to be relative
stable over time. Also the effects on residential utility doesn’t show much
time variation, and is insignificant through the whole sample period. On the
other hand we observe a spread in impulse responses for manufacturing for
different dates of the sample, and from figure 6 we see that in the period
between 2010-2012 there has been a favorable shift in the way manufacturing
respond to increase in oil price.
Next figures plot responses of nonfarm employment (that is not oil related)
together with oil related employment series for three typical oil states, North
Dakota, Oklahoma and Wyoming (Figures 7 and 8), and nonfarm employment
for four states with big manufacturing sector, Iowa, Illinois, California and
Pennsylvania (Figures 9 and 10). For the oil states we find that in addition
to increase in oil related employment (that is highly significant throughout
the whole sample period and show relative small time variation) higher oil
price leads to an increase in employment that is not directly related to oil
(for Oklahoma the effect is significant only after year 2010). These results are
consistent with the previous literature that suggests the existence of positive
spillovers from oil activity on local employment see e.g., Feyrer et al. (2015).
In addition, we observe that in the manufacturing states, there has been a
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favorable shift in responses to increase in oil price shock, changing the effects
from insignificant to significantly positive.
These findings are consistent with the results we saw at aggregate level and
indicates that the main channels for these changes is the indirect spillovers
effects between oil and other sectors. These results are in line with Bjørnland
and Thorsrud (2016) findings showing that a booming resource sector has
significant and positive spillovers on non-resource sectors. It is interesting to
note that manufacturing sector is the traded sector, and according to standard
Dutch disease literature (e.g. Corden (1984)) we actually expect to see a contraction of the traded goods sector and expansion of the non-traded sectors,
called the spending effect. However, our findings shows the opposite results,
indicating that the boom in the oil sector leads to increased demand for output from manufacturing sector. Also learning by doing spillovers seems to be
important for the U.S. economy during the shale oil boom. For instance, as
the development of new techniques for drilling shale and hydraulic fracturing
demands complicated technical solutions, this could in itself generate positive
knowledge externalities that benefit other sectors. As a result of expansion in
oil and manufacturing sectors we also observe an increase in the real personal
income. This income channel has the opposite effect on private consumption
than the income effect coming from higher motor fuel prices. These two effects seem to somehow ”cancel” each other resulting in insignificantly increase
in private consumption.

4

Robustness [To be completed]

5

Conclusion

In this paper, we investigate the changes in the impact of oil price shocks on
the U.S. economy, using a factor-augmented vector autoregression (FAVAR)
model with time-varying coefficients and stochastic volatility. This statistical
framework allows us to study the effects of oil price shocks on a large number of U.S. macroeconomic variables and analyze the time variation in these
effects.
It is widely accepted that the unprecedented expansion of the U.S. shale
13

oil sector has been a major contributor to aggregate investment since 2010. In
this paper, we demonstrate that the shale oil sector has actually changed the
transmission of oil price shocks to the US economy through positive spillovers
from the oil industry to other industries, such as manufacturing. Compared
with previous literature showing that before the shale boom the U.S. economy
respond to an oil price shock as typical oil importer, we find that after the
boom the responses are more similar to what one would have found for an oil
exporter (see e.g. Charnavoki and Dolado (2014) for Canada).
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A

Introduction

Figure 1: Net import of petroleum and crude oil vs. crude oil production

Figure 2: Production of crude oil in Russia, Saudi Arabia, and U.S.
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B

Results

Figure 3: Posterior median of impulse responses for selected indicators of the
US economy.
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Figure 4: Impulse responses for selected indicators of the US economy after
4 quarters with 16-th and 84-th percentiles.

20

Figure 5: Posterior median of impulse responses for Industrial Production
series divided according to Industry Groups.
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Figure 6: Impulse responses for Industrial Production series divided according
to Industry Groups after 4 quarters with 16-th and 84-th percentiles.
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Figure 7: Posterior median of impulse responses for employment series in ”Oil
states”.
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Figure 8: Impulse responses for employment series in ”Oil states” after 4
quarters with 16-th and 84-th percentiles.

24

Figure 9: Posterior median of impulse responses for employment series in
states with big manufacturing sector.
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Figure 10: Impulse responses for employment series in states with big manufacturing sector after 4 quarters with 16-th and 84-th percentiles.
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C

Data Description
id

Description

1

Global Activity 1

GDP for OECD countries

2

Global Activity 2

Index of global real economic activity in indus-

3

Oil price

US Refineries Acquisition Cost of domestic

trial commodity markets
and imported crude oil
Mining expl., shafts, and wells

Private fixed investment: Nonresidential: Mining exploration,

+ Equip.t, mining, and oilfield machin.

shafts, and wells + Equipment, mining, and oilfield machinery

5

Real Personal Income

Real Personal Income

6

Manufacturing

IP Index: Industry Group: Manufacturing

7

Mining

IP Index: Industry Group: Mining

8

Utilities

IP Index: Industry Group: Utilities

9

Effective Federal Funds Rate

Effective Federal Funds Rate

4

10

Producer Price Index for All Commodities

Producer Price Index for All Commodities

11

CPI : All Items

CPI : All Items

12

S&Ps Common Stock Price Index: Composite

S&Ps Common Stock Price Index: Composite

13

Private Residential Fixed Investment

Private Residential Fixed Investment

14

Private Nonresidential Fixed Investment:

**Private Nonresidential Fixed Investment:

15

Real Private Consumption Expenditure

Real

Private

Consumption

Expenditure

(chain-type quantity index)
16

Trade Weighted U.S. FX Rate

Trade Weighted U.S. Dollar Index: Major Currencies
U.S. Net Imports of Crude Oil and Petroleum Products

17

Net Petroleum Imports

18

Net Trade in Goods

Trade in goods: Net trade

19

Total Nonfarm in Alaska

*All Employees: Total Nonfarm in Alaska

20

Total Nonfarm in Alabama

All Employees: Total Nonfarm in Alabama

21

Total Nonfarm in Arkansas

All Employees: Total Nonfarm in Arkansas

22

Total Nonfarm in Arizona

All Employees: Total Nonfarm in Arizona

23

Total Nonfarm in California

*All Employees: Total Nonfarm in California

24

Total Nonfarm in Colorado

All Employees: Total Nonfarm in Colorado

25

Total Nonfarm in Connecticut

All Employees: Total Nonfarm in Connecticut

26

Total Nonfarm in Delaware

All Employees: Total Nonfarm in Delaware

27

Total Nonfarm in Florida

All Employees: Total Nonfarm in Florida

28

Total Nonfarm in Iowa

All Employees: Total Nonfarm in Iowa

29

Total Nonfarm in Indiana

All Employees: Total Nonfarm in Indiana

30

Total Nonfarm in Kansas

All Employees: Total Nonfarm in Kansas

31

Total Nonfarm in Kentucky

All Employees: Total Nonfarm in Kentucky

32

Total Nonfarm in Louisiana

*All Employees: Total Nonfarm in Louisiana

33

Total Nonfarm in Massachusetts

All Employees:

(Thousand Barrels per Day)

Total Nonfarm in Mas-

sachusetts
34

Total Nonfarm in Maryland

All Employees: Total Nonfarm in Maryland

35

Total Nonfarm in Maine

All Employees: Total Nonfarm in Maine

36

Total Nonfarm in Missouri

All Employees: Total Nonfarm in Missouri

37

Total Nonfarm in Mississippi

All Employees: Total Nonfarm in Mississippi

38

Total Nonfarm in Montana

*All Employees: Total Nonfarm in Montana

39

Total Nonfarm in North Carolina

All Employees: Total Nonfarm in North Carolina

27

40

Total Nonfarm in North Dakota

*All Employees:

Total Nonfarm in North

Dakota
41

Total Nonfarm in Nebraska

42

Total Nonfarm in New Hampshire

All Employees: Total Nonfarm in Nebraska
All Employees: Total Nonfarm in New Hampshire

43

Total Nonfarm in New Jersey

All Employees: Total Nonfarm in New Jersey

44

Total Nonfarm in New Mexico

*All Employees: Total Nonfarm in New Mex-

45

Total Nonfarm in Nevada

All Employees: Total Nonfarm in Nevada

46

Total Nonfarm in New York

All Employees: Total Nonfarm in New York

47

Total Nonfarm in Ohio

All Employees: Total Nonfarm in Ohio

48

Total Nonfarm in Oklahoma

*All Employees: Total Nonfarm in Oklahoma

49

Total Nonfarm in Oregon

All Employees: Total Nonfarm in Oregon

50

Total Nonfarm in Pennsylvania

ico

All Employees: Total Nonfarm in Pennsylvania

51

Total Nonfarm in Rhode Island

52

Total Nonfarm in South Carolina

All Employees: Total Nonfarm in Rhode Island
All Employees: Total Nonfarm in South Carolina

53

Total Nonfarm in South Dakota

All Employees:

Total Nonfarm in South

54

Total Nonfarm in Tennessee

All Employees: Total Nonfarm in Tennessee

55

Total Nonfarm in Texas

*All Employees: Total Nonfarm in Texas

56

Total Nonfarm in Utah

All Employees: Total Nonfarm in Utah

57

Total Nonfarm in Virginia

All Employees: Total Nonfarm in Virginia

58

Total Nonfarm in Vermont

All Employees: Total Nonfarm in Vermont

59

Total Nonfarm in Washington

All Employees: Total Nonfarm in Washington

60

Total Nonfarm in Wisconsin

All Employees: Total Nonfarm in Wisconsin

61

Total Nonfarm in West Virginia

All Employees: Total Nonfarm in West Vir-

62

Total Nonfarm in Wyoming

*All Employees: Total Nonfarm in Wyoming

63

Total Nonfarm in the District of Columbia

All Employees: Total Nonfarm in the District

Dakota

ginia

of Columbia
64

Total Nonfarm in Georgia

65

Total Nonfarm in Hawaii

All Employees: Total Nonfarm in Hawaii

66

Total Nonfarm in Illinois

All Employees: Total Nonfarm in Illinois

67

Total Nonfarm in Michigan

All Employees: Total Nonfarm in Michigan

68

Total Nonfarm in Minnesota

All Employees: Total Nonfarm in Minnesota

Oil and Gas Ext., Well Drilling,

All Employees: Oil and Gas Extraction, Well Drilling,

+ Support Act. in Alaska

and Support Activities in Alaska

Oil and Gas Extr. +

All Employees: Oil and Gas Extraction

Support Act. for Mining in California

+ Support Activities for Mining in California

Oil and Gas Extr. +

All Employees: Oil and Gas Extraction

69

70

All Employees: Total Nonfarm in Georgia

Support Act. for Mining in Louisiana

+ Support Activities for Mining in Louisiana

71

Mining in Montana

All Employees: Mining in Montana

72

Mining and Logging in North Dakota

All Employees: Mining and Logging in North

73

Mining and Logging in New Mexico

All Employees: Mining and Logging in New

74

Mining and Logging in Oklahoma

All Employees: Mining and Logging in Okla-

Dakota
Mexico
homa
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75
76

Oil and Gas Extr. +

All Employees: Oil and Gas Extraction

Support Act. for Mining in Texas

+ Support Activities for Mining in Texas

Oil and Gas Extr. + Support Act.

All Employees: Oil and Gas Extraction

for Oil and Gas Operations in Wyoming

+ Support Activities for Oil and Gas Operations in Wyoming

* Oil related employment is subtracted
** Oil related investment is subtracted
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