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Abstract
Essays in Resource Economics
by
Reid Blake Stevens
Doctor of Philosophy in Agricultural and Resource Economics
University of California, Berkeley

Professor Gordon C. Rausser, Chair

This dissertation consists of three chapters. The first chapter investigates whether U.S. oil
market policy succeeded in lowering the price of crude oil. The second chapter examines the
effect of private sponsorship of university research on the allocation of expenditures between
public good research and commercial applications. The third chapter estimates the effects
of congestion pricing in the Bay Area on public transportation ridership and air pollution
levels.

The first chapter, “The Strategic Petroleum Reserve and Crude Oil Prices”, uses a struc-
tural vector autoregression (VAR) model of the U.S. oil market to estimate the effect of the
Strategic Petroleum Reserve (SPR) on crude oil prices. In contrast to existing literature, I
show that unanticipated oil releases from the SPR have no measurable effect on oil prices.
However, unanticipated oil purchases for the SPR raise oil prices 1.5 percent. I confirm
these estimates with two alternate VAR identification strategies that use external informa-
tion, rather than the traditional recursiveness assumption. First, the SPR purchase schedule
is used as an instrument in the VAR model to identify the effect of SPR purchase shocks
on oil prices. I verify the statistically significant purchase effect and show that standard
identifying assumptions have a downward bias. Second, I identify SPR release shocks with
high-frequency futures market data. Using several futures contracts to estimate unantici-
pated SPR policy shocks, I find that SPR releases do not have an effect on oil prices. To
explain this puzzle, I estimate an interacted VAR with time-varying policy effects. This
model shows that SPR purchases only increase oil prices when uncertainty is high, but SPR
releases do not lower oil prices at any level of uncertainty.

The second chapter, “Public vs. Private Good Research at Land Grant Universities”, exam-
ines the effect of private sponsorship of university research on the allocation of expenditures
between public good research and commercial applications. Throughout the land-grant
university system, there is much concern that as a result of reduced government funding,
fundamental research will be neglected at the expense of research that is geared toward com-
mercial applications. This paper attempts to shed some light on the relationship between



research priorities and the availability of public funding for university research. In partic-
ular, we use both a static and a dynamic model to investigate the conditions under which
university /private research partnerships can crowd-in or crowd-out basic science research as
public funding becomes scarcer.

In the third chapter, “The Effects of Congestion Pricing on Public Transportation Demand
and Air Pollution”, I examine the effects of congestion pricing in the Bay Area. On July 1,
2010, congestion pricing was implemented on the San Francisco-Oakland Bay Bridge. Using
panel data on hourly commuter rail (BART) and commuter bus (AC-Transit) ridership from
June 1, 2009 through July 31, 2011, we examine the effect of congestion pricing on public
transportation usage and air pollution. Using a difference-in-difference model to control
for unobserved variables, we estimate that BART ridership rose 4-8 percent during peak
hours, while AC-Transit ridership rose 11-15 percent. Our estimated cross-price elasticities
for public transportation, 0.2 for commuter rail and 0.15 for commuter bus, are slightly
below estimates from the transportation economics literature. We also use panel data on
air pollution levels in the Bay Area during the same time period to examine the effect of
congestion pricing on air pollution. Using a similar difference in difference model, we find air
pollution levels are flat during peak hours, but rise during off peak hours. As a robustness
check, we use regression discontinuity models, which suggest similar, but slightly smaller
effects of congestion pricing on air pollution and public transportation.



For Charlotte.



1 The Strategic Petroleum Reserve and Crude Oil Prices

1.1 Introduction

The Strategic Petroleum Reserve (SPR) was created in response to the 1975 Arab Oil
Embargo, and was intended to, “Store petroleum to reduce the adverse economic impact
of a major petroleum supply disruption to the United States” (U.S. Congress, 1975). Since
the SPR was constructed in 1977, over 150 million barrels of crude oil have been released
from the reserve. During these releases, crude oil from the SPR made up 5 to 12 percent of
weekly domestic oil supply. The government has purchased over 850 million barrels of crude
oil for the reserve, which accounted for between 2 to 4 percent of U.S. crude oil consumption

during purchase weeks.

Despite this long history of purchases and releases, little is known about the effect of
the SPR on crude oil prices. Much of the existing literature on the SPR focuses on optimal
purchase and release strategies, and does not directly estimate the effect of the SPR on
crude prices (see Tolley and Wilman, 1977; Nichols and Zeckhauser, 1977; Teisberg, 1981;
Chao and Manne, 1983; Zhang et al., 2009). These papers generally assume a SPR crude
oil release during a supply disruption will lower oil prices, but SPR purchases when the
oil market is calm will not affect prices. Unsurprisingly, these models show that under
optimal management, the benefits of the SPR far outweigh the costs of construction, oil
acquisition, and storage. The estimated benefits of the SPR are even higher when the
negative macroeconomic effects of oil price spikes are taken into account (Weimer, 1982;
Bohi and Toman, 1996; Leiby and Bowman, 2000). When Congress recently approved plans
to expand the reserve from its current level of 727 million barrels to 1 billion barrels, SPR
proponents praised its ability to lower oil prices and stabilize the economy during oil supply

disruptions (Government Accountability Office, 2006; Congressional Research Service, 2006).

The few empirical estimates of the SPR price effect vary widely: SPR releases are esti-
mated to lower the price of crude oil by 3 to 32 percent, while SPR purchases are estimated
to increase the price of crude oil by 0.4 to 32 percent (U.S. Senate, 2003; Verleger, 2003;
Considine, 2006). The lack of consistency among these estimates is evidence that identifying
the effect of SPR policy on oil prices is difficult. Some SPR crude oil releases occurred in
response to severe oil market supply disruptions (e.g., 1991 Desert Storm sale) while others
occurred because oil prices were relatively low and stable (e.g., 1996 sales to reduce the
deficit). Similarly, the largest SPR purchases were a response to high oil prices caused by
the Arab Oil Embargo. Purchases for the SPR were also made in the late 1980s, while there

was excess capacity in oil markets and prices were relatively low.



Isolating the effect of SPR policy is challenging because the policy depends, in part, on
the state of the oil market. Changes in the price of oil following an SPR policy action reflects
both the policy and market conditions to which the policy is responding. The endogeniety
of crude oil supply, crude oil demand, and SPR policy has likely led to the widely varying
estimates of the SPR’s effect on the price of oil.

Given these difficulties, I use several structural vector autoregression (VAR) models of
the U.S. oil market to estimate the effect of SPR policy. Since Kilian (2009), structural
VAR models have been used to model both the global and U.S. oil markets (Apergis and
Miller, 2009; Lippi and Nobili, 2012; Baumeister and Peersman, 2013b; Jo, 2014). This
paper contributes to this literature by adding oil market policy variables to the VAR model,
following the voluminous monetary policy literature (Bernanke and Blinder, 1992; Sims,
1992; Bernanke and Mihov, 1998; Christiano et al., 1999). As a starting point, I identify
SPR policy effects by restricting the structural shocks through the recursiveness assumption.
For example, the exclusion restrictions in this model imply that oil supply and oil demand
respond only with a lag to SPR policy shocks. To justify this assumption, I estimate the
model with weekly data, rather than the monthly or quarterly data typically used in the oil
market literature. In this benchmark model, an unanticipated SPR purchase raises the price
of the price of oil 1.5 percent over 20 weeks following purchase, but an unanticipated SPR

release does not have a statistically significant effect on the price of oil.

Though VAR models in both the oil market and monetary policy literature are identified
by assuming recursiveness (see Kilian, 2009; Christiano et al., 1996), this identifying assump-
tion is controversial (Rudebusch, 1998). Papers on oil markets have increasingly relied on
sign restrictions to identify structural shocks (Baumeister and Peersman, 2013b; Kilian and
Murphy, 2012). I take a different approach and identify policy shocks using information that
is external to the VAR model, but correlated with unanticipated policy actions (Stock and
Watson, 2008; Olea et al., 2012). Following work by Romer and Romer (1989), who use the
minutes from Federal Reserve meetings to identify monetary policy actions that were exoge-
nous with respect to market conditions, many papers have constructed external instruments
to identify structural shocks (Stock and Watson, 2012). I construct two separate instruments

to partially identify the effects of SPR purchases and releases in a VAR framework.

First, I use the SPR purchase schedule as an instrument to identify unanticipated SPR
purchases. From 1999 to 2010, the Department of Energy (DOE) hired private contractors
to purchase oil for the SPR. These contractors were required to deliver a specified amount
of oil over a fixed time period (e.g., a contractor would agree deliver 9.4 million barrels
of oil from April to July 2005). The purchase schedules were not immediately announced

and exemptions from the schedule were rarely granted, which makes the purchase schedule



correlated with unanticipated SPR purchases. The schedule was also set well ahead of the
delivery window, so the purchase schedule is uncorrelated with other structural shocks at
the time of purchase. Using the purchase schedule as an instrument to partially identify the
VAR model, T estimate that SPR purchase shocks cause crude oil prices to rise 6 percent

over 15 weeks following purchase.

Next, I use crude oil futures data to identify the effect of SPR releases on crude oil
prices. This method follows work by Bagliano and Favero (1999) and Cochrane and Piazzesi
(2002), who estimate monetary policy shocks with Federal Funds futures data. In these
models, the change in futures prices immediately following a policy announcement is used
to estimate the unanticipated component of the policy. For example, an unanticipated SPR
release announcement would be immediately followed by a drop in the crude oil futures price,
whereas a wholly anticipated SPR release announcement would elicit no response from the
crude oil futures market. Using the benchmark U.S. crude oil futures contract, West Texas
Intermediate (WTT), to estimate policy shocks confirms that unanticipated crude oil releases

from the SPR do not lower the price of crude oil.

To ensure the change in oil futures prices following an SPR release reflects only the policy
effect, and not other shocks to the oil market, I construct a novel financial instrument: the
spread between the U.S. (WTI) and Canadian (WCS) crude oil futures. Given the similarities
and proximity of the U.S. and Canadian crude oil markets, a drop in the U.S. crude futures
price relative to Canadian crude futures immediately following a SPR release announcement
should capture only the effect of SPR policy, and not other shocks to the oil market. This

instrument also shows that unanticipated SPR releases do not lower the price of crude oil.

Under a variety of empirically plausible identifying assumptions, SPR purchase shocks
raise oil prices, but SPR release shocks have no measurable impact on prices. The asymmetric
effect of SPR policy is puzzling. Following the growing uncertainty literature (Aastveit et al.,
2013; Bekaert et al., 2013), I augment the VAR model with an uncertainty variable and
policy-uncertainty interaction terms, which allows SPR policy to have time-varying price
effects. I find that an unanticipated SPR purchase has no measurable effect on prices when
oil market uncertainty is low, while an unanticipated purchase increases the price of oil 3
percent when oil market uncertainty is high. The price of crude oil is unaffected by SPR
release shocks at all levels of oil market uncertainty. These results are robust to using
alternate measures of uncertainty based on stock market volatility and policy uncertainty.
The asymmetric effect of SPR purchases under uncertainty is consistent with the literature

on the value of real options under uncertainty (Dixit and Pindyk, 1994; Bloom, 2009).
The central result of my paper—SPR release shocks do not lower oil prices but SPR

purchase shocks raise oil prices—is at odds with the academic literature and has a number of



implications for SPR management. First, SPR purchases should be avoided during periods
of high oil market uncertainty. Though policymakers tend to be interested in filling the
reserve when oil markets are volatile (Government Accountability Office, 2006), I find those
purchases have a large, immediate cost and have no measurable effect on prices when the
oil is eventually released. Second, crude oil releases from the SPR should not be relied on
to lower oil prices. A policymaker facing a spike in oil prices should explore other policy

options to lower the price of crude oil.

The remainder of the paper is organized as follows. Section 1.2 provides an overview
of the related literature. Section 1.3.1 presents a benchmark VAR model of the U.S. oil
market with SPR policy variables. Sections 1.3.2 and 1.3.3 show that the results of the
benchmark model hold under alternative identifying assumptions that incorporate external
information. Section 1.4 presents an uncertainty model with time-varying policy effects.

Concluding comments are contained in Section 3.4.

1.2 Literature Review

The increasing frequency of oil supply disruptions from the 1950s to the 1970s led
economists to propose a government controlled crude oil reserve to protect the economy from
insecure oil suppliers (Cabinet Task Force on Oil Import Control, 1970; National Petroleum
Council, 1973; Nordhaus, 1974). These calls for the U.S. government to create a publicly
managed crude oil reserve intensified during the Arab Oil Embargo (Tolley and Wilman,
1977). The theory behind these policy proposals is simple: the government could offset sup-
ply disruptions by increasing oil supply with the SPR rather than by restricting oil demand
with unpopular quotas, tariffs, or taxes. Since oil price spikes had consistently preceded
economic downturns in the postwar economy (Hamilton, 1983), a policy mechanism that

controlled oil prices had broad political appeal (Weimer, 1982).

Much of the early work on the SPR focused on optimal management strategy (Teisberg,
1981; Balas, 1981; Chao and Manne, 1983; Samouilidis and Berahas, 1982). Most of these
papers assumed that crude oil released from the SPR during a supply disruption would lower
prices, but crude oil purchases during normal market conditions would not significantly raise
prices. These assumptions could not be tested with data available at the time. Few additional
papers were written on the topic until China began building its strategic oil reserve in 2004,
and economists estimated optimal management strategies for China’s strategic reserve using
similar, untested assumptions (see Wu et al., 2008; Zhang et al., 2009; Bai et al., 2012).

Only a few papers have directly estimated the effect of strategic reserves on crude oil

prices. Considine (2006) used a simultaneous equation model of the SPR to estimate its



effect on oil prices between 1992 and 2005. Consistent with the assumptions in the literature,
Considine found that filling the reserve increased prices imperceptibly (0.4 percent), while
releasing oil during a supply shock can lower prices by 3.5 percent. Other estimates, which
use models of the forward price curve, find that SPR purchases and releases have a symmetric
effect on prices and can change the price of oil by as much as 32 percent (Verleger, 2003).

The key difficulty in the empirical literature is to isolate the effect of SPR policy from the
state of the oil market to which the policy responds. I contribute to the literature by using
a structural VAR model of the U.S. oil market to disentangle these effects. Beginning with
Killian’s (2009) structural VAR model of the global oil markets, VAR models have been used
to study country-level oil markets (Peersman and Van Robays, 2009, 2012; Baumeister and
Peersman, 2013a; Kilian and Murphy, 2014), volatility in oil markets (Van Robays, 2012;
Baumeister and Peersman, 2013b; Jo, 2014), and storage in oil markets (Kilian and Murphy,
2014). I extend these models by explicitly including oil market policy variables in a VAR
model of the U.S. oil market.

To estimate the effect of SPR policy in a VAR framework, I rely on the extensive work on
VAR models of monetary policy (see Christiano et al., 1999). In this literature, the effects
of monetary policy have been estimated using many different identification strategies and
estimation methods (Sims, 1986; Bernanke and Blinder, 1992; Leeper et al., 1996; Bernanke
and Mihov, 1998). Applying the time series models developed in this field to oil markets
allows me to answer the question, “How do oil prices respond to unanticipated SPR purchases

and releases?” with several sets of plausible identifying assumptions.

This paper also applies identification methods recently developed to incorporate external
information in VAR models (Stock and Watson, 2008; Olea et al., 2012; Stock and Watson,
2012). Beginning with Romer and Romer (1989), who used minutes from Federal Reserve
meetings to identify unanticipated monetary policy actions, many papers have constructed
exogenous instruments to identify structural shocks (Ramey and Shapiro, 1999; Barro and
Redlick, 2011; Stock and Watson, 2012; Mertens and Ravn, 2013). However, oil market VAR
models are typically identified using recursive timing or sign restrictions. These models rely
on restrictions on the coefficients or residuals in the model-what Stock and Watson (2008)
call “internal restrictions.” I construct two separate external instruments to partially identify
the effects of SPR purchases and releases in a VAR framework, without internal restrictions.

A final contribution of this paper is an analysis of SPR policymaking under uncertainty.
The uncertainty literature has shown the effects of economic policy vary with uncertainty
(Bloom, 2009; Bekaert et al., 2013; Baker et al., 2013; Aastveit et al., 2013). Specifically, the
stimulative effect of monetary policy can be dampened by high economic uncertainty when

producers face non-convex adjustment costs. I extend VAR models of oil market uncertainty
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(Jo, 2014; Baumeister and Peersman, 2013a) by including SPR policy variables and policy-
uncertainty interaction terms. This model allows me to show that unlike other economic

policies, the effect of SPR purchases is amplified by uncertainty:.

1.3 Vector Autoregression Models
1.3.1 Benchmark Model

In this section, I use a system of equations to model the U.S. oil market that include SPR
policy variables. Endogeneity between SPR policy and other oil market variables complicates
estimation. The exogenous components of SPR policy, SPR policy shocks, are identified using
restrictions on the contemporaneous effects of oil market variables. These exogenous policy

shocks are then used to estimate the effect of SPR policy on crude oil prices.

The SPR policy function is modeled as:

SPR, = P() 4 &} (1)

where SPR; represents the government’s oil market policy instruments: crude oil purchases
and crude oil releases. Following Christiano et al. (1999), SPR policy at time ¢ is related
to the policymaker’s time ¢ information set, {);, by some linear function P. The portion of
SPR policy that reflects the policymaker’s systematic reaction to changes in the oil market is
given by P(€);). The residual component of SPR policy that is not accounted for by changes
in the oil market is the SPR policy shock, PR, This unanticipated component of policy is

assumed to be exogenous to the information set, €.

In the remainder of the paper, I rely on this distinction between SPR policy shocks and
SPR policy actions (Bagliano and Favero, 1999). A SPR policy action is determined by the
state of the oil market through the policy function. A SPR policy shock is the component of
observed SPR policy that is not predicted by the policy function. Since SPR policy shocks
are deviations from the policy rule that are exogenous to the state of the oil market, they
can be used in causal analysis. Observed SPR policy is the sum of a SPR policy action and
a SPR policy shock.

There are several economic interpretations of these SPR policy shocks (Christiano et al.,
1999). The shocks could reflect an exogenous change in policymaker preferences. For ex-
ample, a new presidential administration could change the weight given to oil supply shocks
relative to oil demand shocks in their policy function. An exogenous policy shock could also
reflect the policymaker’s response to market expectations of SPR policy. If the President

announced an SPR release due to private sector expectations, rather than oil market condi-



tions, that would reflect an exogenous SPR shock in this model. Finally, policymakers may
rely on preliminary oil market data that is measured with error. The exogenous variation in
the policymaker’s reaction function induced by measurement error would be an exogenous
policy shock. Regardless of interpretation, these shocks are the exogenous component of
SPR policy that will be used to identify the effects on the oil market.

To estimate SPR policy shocks, the vector of oil market variables, Y;, is partitioned as

follows,

Y;SIOW
Y, = |SPR, (2)
}/tfast

These vectors are contained in the policymaker’s information set, €2;. I assume the variables
in the Y% vector do not respond contemporaneously to SPR policy shocks, and SPR
policy does not respond immediately to the variables in the Y, vector. But, the response
of the variables in the Y™ vector to policy shocks is unconstrained. These recursive timing
restrictions are the key assumptions to identify policy shocks in this model, but will be
relaxed in Sections 1.3.2 and 1.3.3.

The U.S. oil market is modeled with variables that capture on crude oil supply, demand,
and prices (Kilian, 2009). The Y% vector contains the oil supply and demand variables for
the U.S. market. Oil supply is the sum of domestic oil production and imports, expressed as
a log difference. This measure of oil supply captures domestic and foreign supply disruptions.
Oil demand is measured by the Aruba, Diebold, and Scotti (ADS) business conditions index
published by the Philadelphia Federal Reserve (Aruoba et al., 2009). This index combines
high- and low-frequency economic activity measures into a daily estimate, and is regularly
used to estimate economic activity at high-frequencies (Berge and Jorda, 2011; Andreou
et al., 2013; Monteforte and Moretti, 2013).

The SPR; vector, plotted in Figure 1, contains separate policy variables for SPR pur-
chases and releases. Since the SPR opened in 1977, more than 850 million barrels have been
purchased over 769 weeks, which covers 46 percent of the sample period. There have been 19
separate SPR releases that have taken place over 243 weeks, about 15 percent of the sample
period. The variables in the SPR; vector are the log differences of the SPR inventory during
purchases and sales, respectively. Finally, the V! vector contains the oil price variable.
The price of crude oil is measured by the log spot price of West Texas Intermediate (WTT)

crude, deflated by the Consumer Price Index.



The vector of oil market variables is modeled as a finite order structural VAR:

40
AYy =a+ ) AYi+e (3)

=1

where €; are mean zero and serially uncorrelated structural shocks,

E(Etn/t,l,}/;,z,...) =0 (4)

E(ge)) =2 = [ 1 ] (5)

2
0 o5

This benchmark model is estimated with 40 lags using weekly data from August 1, 1983
through October 5, 2014.> The 9 month lag length is consistent with Hamilton and Herrera
(2004), who show the importance of long lag length in models of oil markets. Other VAR
models of oil markets use lag lengths ranging from 4 months (Baumeister and Peersman,
2013b; Jo, 2014) to 24 months (Kilian, 2009; Kilian and Murphy, 2014).

The reduced form of the model,

40
Yi=Ajla+ Y A7'A Y+ Agle, (6)
T P T ~——

can be estimated with standard least-squares methods. However, the reduced form coeffi-
cients (f’s) and residuals (e;) cannot be used to estimate the causal effect on SPR policy on
oil prices because each of the reduced form residuals is a weighted average of all structural
shocks. Parameter values from the structural model are required to estimate causal effects.

The coefficients of the structural model (A;’s) cannot be recovered, but the structural
shocks () can be estimated using the reduced form residuals. I assume Ay, and by extension

Ay ! is lower triangular, so the reduced form errors can be decomposed using e, = Ay L,

B il supply T a;; 0 0 0 B £supply shock 7
eccon activity Aoy Qoo 0 0 8demand shock
e = 6SPR purchase | — as1 Gsy  ass 0 gpurchase shock (7)
eSPR release (41 Qo Q34 Qay 0 grelease shock
i 6oil price | _CL51 a5y Q35 Gy a55_ i Z_:price shock |

!'Though the SPR purchases began in 1977, weekly data on the SPR are only available beginning in
1983. These results are robust to including weekly SPR data interpolated from the monthly 1977-1982 data
series.



The restrictions on Ay*' are called the recursiveness assumption (Christiano et al., 1999).
This assumption identifies the model by limiting the simultaneous responses among variables.
For example, oil supply and demand are assumed to take at least one period to respond to
SPR policy shocks.

The recursiveness assumption used to identify the elements of A;' cannot be tested
directly in this VAR model; rather, its validity comes from economic theory. As shown in
equation 2, these exclusion restrictions divide the oil market variables into three categories:
slow-moving variables, policy variables, and fast-moving variables. As in Killian (2009), oil
supply and oil demand are slow-moving with respect to other variables in the model. U.S.
oil supply (the sum of domestic production and imports) is fixed at the weekly level with
respect to aggregate demand, SPR policy, and oil price shocks. This assumption is consistent
with the high costs of short-term changes to oil production and import schedules. Similarly,
U.S. oil demand (domestic economic activity) can respond immediately to oil supply shocks,
but does not respond within a week to SPR policy or oil price shocks. These assumptions
are reflected in the zeroes in the first two rows of Aj".

SPR policymakers can respond immediately to unanticipated shocks to oil supply and
economic activity, but are assumed to respond to oil price innovations with a one week
lag. Since SPR policy decisions are the products of meeting-filled political processes, this
assumption is reasonable. Purchases are usually scheduled well ahead of actual delivery and
releases typically take more than one week to approve. The fastest SPR response to a specific
oil supply disruption occurred on September 2, 2005 in response to Hurricane Katrina, seven
days after the Hurricane entered the Gulf of Mexico and oil prices spiked. The zeroes in the
rows three and four of A;' reflect these assumptions. Finally, the fast-moving variable of
the model, the price of oil, can immediately respond to all shocks, hence there are no zeros
in the last row of Aj".

Table 1 summarizes the SPR policy shocks over time. During the initial SPR fill (1983~
1989), the average purchase shock was somewhat negative (-0.02) and the average release
shock was negligible. During this period, crude oil deliveries to the SPR were slowed be-
cause of construction delays, which made the market overestimate the amount of oil to be
purchased. And the only crude oil release during this period was a small test sale in 1985.
Negative purchase shocks continued into the 1990s, though the SPR releases during the first
Gulf War (1990-1993) were somewhat larger than markets anticipated. In the 2000s, pur-
chase shocks were nonnegative. During that period, SPR purchases were consistently larger

than market expectations and SPR release shocks were mixed.

The impulse response functions in Figures 2 and 3 display the causal effect of an unan-

ticipated SPR policy shock over time, holding all other structural shocks constant at zero.



The 95 percent confidence interval is included in the figures, and is constructed with the
semiparametric fixed-design wild bootstrap, accounting for conditional heteroskedasticity of
an unknown form (Goncalves and Killian 2004). The paths plotted in these figures are robust

to reordering the variables within Y,°¥ and SPR; vectors.

Figure 2 shows the impulse response function for a one-standard deviation unanticipated
SPR purchase. SPR purchase shocks have a sustained, statistically significant effect on
the real price of oil which peaks at 1.5 percent 20 weeks after purchase before declining.
However, Figure 3 shows that an unanticipated SPR release has a small (less than 0.25
percent) negative effect on the real price of oil that is not statistically significant. These
estimates can be scaled to give the oil price response in terms of dollars per barrel released
or purchased for the SPR. The peak effect of a one-million barrel unanticipated SPR purchase
raises the price of a $100 barrel of oil by $1.76, while an unanticipated SPR. release of the
same magnitude lowers the price of a $100 barrel of oil by $0.28.

1.3.1.1 The SPR and Private Crude Oil Stocks Early work on the SPR pointed
out that increases in public oil storage could influence behavior of private oil storers (Wright
and Williams, 1982). If private crude oil stocks declined in response to SPR acquisitions, or
rose in response to SPR releases, the effect of SPR policy could be dampened. The gradual
decline in private petroleum storage since the SPR opened in 1977 suggests that the SPR
growth has been offset by private storage declines. But, there has been no empirical work
on the relationship between the SPR and private storage. I use the policy shocks from the

VAR model to estimate the causal effect of SPR purchases and releases on private stocks.

Firms purchasing oil from, or for, the SPR pay the transportation cost to, or from, the
delivery sites in the Gulf Coast. The SPR is directly connected to the oil pipeline network
that runs throughout the Midwest (PADD 2) and the Gulf Coast (PADD 3).2 Transporting
oil to, or from, the SPR through these pipelines is fast and relatively inexpensive. However,
other PADDs can only move oil to, or from, the SPR by ship, which is more expensive and
takes 8 to 24 days. In the most recent SPR releases, over 90 percent of SPR sales were
delivered to oil companies in the Gulf Coast or Midwest. Likewise, oil purchased for the
SPR tends to come from oil companies in PADD 2 and PADD 3. For this reason, I examine
the effects of SPR purchases and releases on PADD 2 and PADD 3 stocks.

PADD 2 and PADD 3 stock data are only available at the monthly frequency over the
entire 1983 to 2014 time period. Following Kilian (2009), I convert the weekly policy shock

2Data published by the Energy Information Administration (EIA) divides the U.S. into five Petroleum
Administration for Defense Districts (PADD): East Coast (PADD 1), Midwest (PADD 2), Gulf Coast (PADD
3), Rocky Mountain (PADD 4), and West Coast (PADD 5).
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series estimated in the VAR model into a monthly series, 7,,, by averaging the weekly shocks

by month,

=~

1 4
A Purchase I 2 urchase (8)
J=1

A Release o

4
Z jRelease ( 9)

=1

e
<.

where the week j structural shock in month m is given by €; ,,. These monthly policy shocks
can be used to estimate the causal effect of SPR policy on private stocks if they are exogenous
with respect to private stocks. The process used to construct the weekly shocks in Section
1.3.1 guarantees endogeniety with respect to all variables in Y;. Since private stocks are not
in the information set, additional assumptions are required to use the monthly shocks to

estimate the causal effect on stocks.

Identifying the causal effect of SPR policy on private stocks requires the assumption that
the monthly policy shocks are exogenous with respect to private stocks. In other words,
there can be no feedback between policy shocks and private stocks within a month. Though
this cannot be directly tested, evidence can be provided by comparing unanticipated policy
changes to innovations in private stocks. Again, following Kilian (2009), I model private
stocks as an autoregressive process, and find the residuals are uncorrelated with SPR policy
shocks. Since this correlation is low, I assume SPR policy shocks are fixed at the monthly

level with respect to private stocks.

The response of private stocks, s;, to policy shocks, 7,,, is modeled as,

9
m=1

where ¢,, is the month m stock response and 6, is the residual. The coefficients in these
regressions give the response of private crude oil stocks in PADD 2 and PADD 3 to SPR
purchase and release shocks. The impulse response functions based on these coefficients are

plotted in Figures 4 and 5, along with the 95 percent confidence interval.

Unanticipated SPR purchases have no measurable effect on private stocks in PADD 2
and PADD 3. Given the transportation costs discussed above, unanticipated SPR purchases
are likely filled by domestically produced or imported oil and not private oil stocks in PADD
2 and PADD 3. However, private storers respond to unanticipated SPR releases by raising

stocks nearly 2 percent, and this effect is statistically significant at the 90 percent level. This
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model shows that private storers dampen the immediate effect of SPR releases by increasing

their reserves.

1.3.2 Identification Using External Instruments

Though the estimated SPR policy effects are robust to alternate specifications that in-
clude private stocks and reordering variables within Y;*°* and SPR;, this approach is still
subject to Rudebusch’s (1998) critique of VAR model of policy shocks. Namely, the policy
shocks estimated from linear, time-invariant functions with a small information set may not
be related to actual unanticipated policy changes. Alternate identifying assumptions used
to model the oil market, like sign restrictions, are subject to the same critique. In Sections
1.3.2 and 1.3.3, I depart from the oil market literature by using external information, which
is related to unanticipated policy changes, to identify SPR policy shocks (Stock and Watson,
2008). These instruments confirm the key insights from this benchmark model: unantici-
pated SPR releases do not have a measurable effect on oil prices but SPR purchase shocks

have a statistically significant, positive effect on oil prices.

The recursiveness assumption identifies unanticipated policy changes by restricting the
transmission of structural shocks in the oil market. If, for example, oil production responds
immediately to policy shocks, structural shocks could not be identified. Even if the recur-
siveness assumption holds, the SPR policy function in equation 1 could be misspecified by
omitting variables. If policymakers used unmodeled variables in their “true” policy function,
the policy shocks estimated in Section 1.3.1 would not be exogenous. In either case, the pol-
icy shocks estimated in Section 1.3.1 would confound the effects of SPR policy changes and
the oil market conditions that cause the policy changes, and could not be used to estimate
the causal effect of policy shocks (Rudebusch, 1998).

To address these issues, I partially identify the VAR presented in equation 6 with an
external instrument for SPR purchases. This identification method follows the narrative
approach developed by Romer and Romer (1989, 2004, 2010) to identify monetary policy
shocks, which has been used regularly in subsequent research (see Ramey and Shapiro, 1999;
Barro and Redlick, 2011; Olea et al., 2012). The omitted variables and simultaneity critiques
do not apply to the policy shocks identified in this model if the instrument is correlated with
unanticipated purchases and uncorrelated with other shocks. This approach only identifies

the effects of SPR purchase shocks; in the next section I use a separate instrument to identify
SPR release shocks.

Identifying the causal effect of SPR purchases on oil prices requires an instrument with

the following properties: the instrument is not included in Y;, the instrument is correlated
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with unanticipated purchases, and the instrument is uncorrelated with contemporaneous
oil market conditions (excluding policy effects). The SPR purchase instrument exploits the
procedures used by the Department of Energy (DOE) to acquire crude oil for the SPR. From
1999 to 2010, DOE did not directly purchase crude oil from the SPR, rather they negotiated
contracts with private companies to purchase and deliver crude oil to the SPR (U.S. Senate,
2003; Congressional Research Service, 2006).

The DOE’s crude oil acquisition procedure gives the purchase schedule two useful prop-
erties: the schedule is correlated with unanticipated SPR purchases but uncorrelated with
other structural shocks. The DOE deliberately kept oil market participants in the dark
about the timing and amount of SPR purchases. If information about the purchase schedule
were available to market participants, speculators could front-run the contractors and drive
up prices. Since it was in the interest of the DOE and its contractors to purchase crude
cheaply, it is reasonable to assume that the purchase schedule is correlated with unantici-

pated purchases.

The purchase schedule is assumed to be exogenous with respect to oil market conditions
at the time of purchase because the schedule was set well in advance of actual purchases.
The DOE rarely granted contractors exemptions from the schedule when the oil market
tightened, so contractors were forced to provide oil for the SPR despite their requests to

postpone purchases (Government Accountability Office, 2006).

These data are collected and coded from several official sources. To start, I obtained
data on DOE purchase contracts from 1999 to 2010 through a Freedom of Information Act
request. I confirm these data using the documents submitted pursuant to the 2003 Senate
hearing on the SPR (U.S. Senate, 2003) and information on the DOE website. In these
documents, a purchase schedule specifies the total amount of crude oil to be purchased and
the time period of delivery. For example, in early 2005, DOE contracted for 9.4 million
barrels of oil to be delivered from April to July 2005. These schedules are converted into a

weekly series by assuming purchases are divided evenly over the delivery window.?

Between 1999 and 2010, the SPR grew by 154 million barrels and I have contracts for 126
million of those barrels.* Figure 6 plots SPR purchases along with the constructed purchase
schedule, which shows that the purchase schedule has reasonable predictive power for SPR

purchases. A regression of SPR purchases on the purchase schedule gives an R-squared of

3The delivery window gives contractors some flexibility in purchasing crude oil. However, the physical
infrastructure of the SPR limits the maximum amount of oil that can be delivered in a single day. Typical
crude oil deliveries take place over several months, even when filling the SPR at the maximum daily rate.

4The DOE also acquires crude oil for the SPR via short-term oil loans that are repaid with interest. The
repayment of loans are not subject to the same procedures as SPR purchases and are not included in this
instrument.
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0.35.

To identify the effect of SPR purchases on oil prices using this instrument, I estimate
the model in equation 6 with standard least-squares methods. Then, following the approach
outlined by Stock and Watson (2008), I partition the data into the into SPR purchases (S;)
and the other variables (X;),

Y, —
t S,

Xt] (11)

where X, is a (4 x 1) vector and S, is a scaler. The order of variables within X; is not
relevant because the recursive timing assumptions (used in Section 1.3.1) are not used in

this model. The structural errors and reduced form residuals are similarly partitioned,

X X

€ &
e = ,Ep = 12
t Lf] t Lf] -

Analogous to the Ay matrix in the benchmark model, I assume there exists some matrix

@, such that Qe; = ¢;, where () can be partitioned as

Qxx @xs
= 13
“ [QSX st] 13)

Solving Qe; = ¢, for the reduced form errors yields,

e = —QyxQxse; + Qxxer (14)

—Q5sQsxe + Qgser (15)

There are four steps to recover the structural purchase shock, € in equation 15, from
this system of equations. First, the purchase schedule (Z;) is used as an instrument for e
in equation 14. This gives an unbiased estimate of —QyxQxs because the instrument is,
by assumption, uncorrelated with all other structural shocks (E(Z;eX) # 0) and correlated
with unanticipated purchases (E(Zie;) # 0). Next, ¥ is estimated up to scale using, Eg? =
eX + Q;;axset This estimate of £;° is then used as an instrument for e;* in equation 15,
which gives an estimate of _Q/SSES x. Finally, exogenous purchase shocks are estimated, up
to scale, using 5Af =ef + Qﬁxe;x.

With these estimated structural shocks, the dynamic causal effect of unanticipated SPR

purchases on the price of oil can be estimated. The impulse response function plotted in
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Figure 7 shows the positive, statistically significant effect of SPR purchases on oil prices
identified using the purchase instrument is quite similar to the effect identified with the
recursiveness assumption. Both effects are estimated to peak around 20 weeks, though the
effect estimated with the instrument is somewhat larger than the effect estimated in the
benchmark model-6 percent as opposed to 1.5 percent. In this partially identified model,
a one-million barrel unanticipated SPR purchase raises the price of a $100 barrel of oil by
$7.12.

Though the SPR purchase effect identified with the instrument is larger than the purchase
effect identified in Section 1.3.1, it is important to keep in mind that this instrument is only
available between 1999-2010. During that period, oil prices jumped sharply, then collapsed
during the financial crisis and recession. Excluding the commodity price boom and financial
crisis from the sample, by dropping data from 2006 to 2010, lowers the peak effect on oil

prices to about 3.5 percent.

It is also important to note that this method assumes that there is no heterogeneity
among SPR purchase shocks. That is, an unanticipated SPR purchase shock during the
2003 Iraq War has the same effect as an unanticipated purchase while oil markets were calm
in the late 1990s. If purchase shocks are heterogenous, then this model estimates the local
average treatment effect of SPR purchase shocks, not the average treatment effect. I address
the issue of heterogenous policy shocks in Section 1.4, where the effect of SPR policy is

modeled as a function of oil market uncertainty.

1.3.3 Identification Using Daily Futures Market Data

As a robustness check of the SPR release effect estimated in Section 1.3.1, I use crude oil
futures market data to identify SPR release shocks. This section offers a different approach
to the simultaneity and omitted variables problems discussed in Section 1.3.2. Recall that
the identification restrictions used in the benchmark model do not allow SPR policy to
respond within a week to oil price shocks. If policymakers respond immediately to oil price
changes, the release effect estimated in Section 1.3.1 would be biased. The benchmark VAR
model also assumes a simple SPR policy function that only takes into account oil supply,
demand, and price. All other factors that determine SPR policy (e.g., political opinion
polling or gasoline prices) are omitted. Though monetary policy functions are similarly
modeled (Christiano et al., 1999), there are concerns that these policy functions omit key

variables used by policymakers (Rudebusch, 1998).
Following Bagliano and Favero (1999) and Cochrane and Piazzesi (2002), I use daily oil

futures data to overcome these difficulties. Crude oil futures market expectations incorporate

15



far more information about oil markets than could be modeled in a VAR. This identification
strategy uses changes in crude oil futures prices immediately after SPR release announce-
ments to estimate whether the policy announcement was unanticipated. This structural

shock estimate is then used to construct an impulse response function.

This model for estimating unanticipated SPR releases has two key assumptions: intraday
changes in the crude oil futures price measure SPR policy shocks and the SPR release shock is
the only oil market shock at the time of announcement. The first assumption is based on the
idea that futures prices aggregate information relevant to oil prices and futures prices only
respond to unanticipated information. If the market anticipated some portion of the SPR
release prior to announcement, I assume that would be included in the futures price. The
second assumption is based on the idea that at a small enough time interval, the SPR release
announcement is the only shock to the oil market. This assumption may not hold if the SPR
release announcement reveals information about the government’s view of the oil market.
This method places no other restrictions on the determinants of oil price expectations or oil

market dynamics.

Figure 8 illustrates this method with two examples from the WTT futures market around
two SPR release announcements: the 1996 deficit reduction sales and the 2011 Libya sale.
On April 25, 1996, one day prior to the deficit reduction sale announcement, the one-month
WTT futures contract closed at $14.20 (Figure 8b). The futures price did not respond to the
April 26 release announcement, closing the day at $14.28, which suggests the futures market
anticipated this release. Since this SPR sale was ordered by Congress to reduce the deficit
and the release amount and approximate timing had been discussed publicly for months, it

is not surprising that the release was already priced into futures contracts.

On June 22, the day before the 2011 SPR release announcement, the WTI futures market
closed at $42.27. Following the 9:30 am release announcement, the futures price dropped
sharply, and the market closed at $40.32 on June 23 (Figure 8a). This release came at the
end of the Arab Spring after Libyan oil production dropped sharply. Though there was
speculation about the release, the size and timing were not clear prior to the announcement.
The nearly $2 drop in the crude oil futures price suggests this policy announcement was

unanticipated by the market.

The validity of the assumptions relies on the choice of futures contract. Two financial
instruments are used to estimate the structural SPR release shocks. The first is the one-
month WTI futures price. An unanticipated SPR release occurs when the WTI futures
price falls following the announcement. Since the movements in the WTTI futures price could
reflect any oil market supply or demand shock, I use another financial instrument to isolate
the SPR effect: the one-month US-Canadian crude futures (WTI-WCS) spread. The U.S.
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and Canadian oil markets are similar and subject to similar shocks. However, only the
U.S. has a strategic oil reserve, and Canadian oil companies cannot purchase oil from the
SPR. Differencing U.S. and Canadian oil should remove the effects of non-SPR supply and
demand shocks to the North American oil market, which allows me to directly estimate the

magnitude of the SPR release shock.

The US-Canadian crude futures spread identifies unanticipated releases that were not
followed by a decline in the WTT futures price. For example, the WTI futures price edged
up $0.40 (1.6 percent) following the Hurricane Ivan release (Figure 9). This SPR announce-
ment would not be considered an SPR release shock using the WTT futures price. However,
the WCS futures price rose $2.05 (5.3 percent) following the release announcement. Since
the futures trends pre- and post-announcement are nearly identical, the change in the fu-
tures spread indicates the WTI futures price rose less than expected. Since WTI became
less expensive, relative to WCS, following an SPR release announcement, the release was
unanticipated according to the WTI-WCS spread.

There are two steps to estimate the causal effect of the SPR releases in this model. First,
SPR release shocks are estimated for the entire sample of 19 SPR releases and the shock
variable is set to zero on weeks with no announcement.’® I construct the structural shock
variable by taking the difference between the futures price at market close the day prior the
announcement and the futures price at market close the day of the announcement.® Using
the WTI futures contract, seven SPR releases were unanticipated, while the WTI-WCS
futures spread estimates that eight of the releases were unanticipated. Second, I regress the
change in the spot price of crude oil, P, ; — P, on the series of estimated structural shocks,

release

A . The coefficients of this regression give consistent estimates of the causal effects of

unanticipated SPR releases on the price of oil, which I use in the impulse response functions.

Figures 10 and 11 plot the impulse response functions using the SPR release shocks
estimated using WTI futures and the WTI-WCS futures spread, respectively, along with
the 95 percent confidence interval. Consistent with the results from the benchmark model
in Section 1.3.1, unanticipated SPR releases do not have a statistically significant, negative
effect on the price of oil using either futures contract. In fact, the effect of unanticipated SPR
releases increases the price of oil nearly 2 percent using shocks identified with the WTI-WCS
futures spread. This is similar to the results from Cochrane and Piazzesi (2002), who show

that unanticipated monetary policy shocks, as measured by futures prices, that are intended

5To ensure that the release announcement is the only effect on crude futures, I drop any SPR release
announcements that occur during OPEC meetings or on days when the Energy Information Administration
releases oil market data.

6To allow for information leaks preceding the announcement, the two-day change was also used. The
results are qualitatively identical.
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to drive down interest rates can have the opposite effect.

1.4 Uncertainty Model

In this section I explore the mechanism driving the SPR purchase and release effects.
I begin by testing whether the effect of SPR policy varies with uncertainty. The growing
empirical literature on uncertainty has shown that uncertainty shocks dampen the effects of
monetary and fiscal policy (Bloom, 2009; Bekaert et al., 2013; Baker et al., 2013; Aastveit
et al., 2013). These results are built on real options theory which has shown that uncertainty
lowers the value of options when investments are not reversible (Dixit and Pindyk, 1994).
This section presents a framework for SPR policy effects to vary with oil market uncertainty
by augmenting the model VAR in Section 1.3.1 with an oil market uncertainty variable and

policy-uncertainty interaction terms.

I cannot directly measure oil market uncertainty, so I use several different variables to
capture uncertainty regarding oil prices, economic policy, and economic activity. The 90-day
average volatility of the WTT spot price is my primary measure of oil market uncertainty.
This common index of oil market uncertainty is the 90-day moving average of the standard
deviation of intraday spot oil price changes. The volatility of oil prices is an imperfect
measure of oil market uncertainty, so I also use other indices of policy and overall economic
uncertainty that have been proposed in the literature. Baker et al. (2013) construct an index
of policy uncertainty using a variety of news-based uncertainty measures. This variable is
designed to capture uncertainty regarding economic policy. I also use an index of stock
market uncertainty, VXO, which estimates market volatility based on S&P 500 options
prices, to capture general economic uncertainty. These uncertainty indices are plotted in

Figure 12.

It is important to note that oil market uncertainty is not always associated with high
prices. For example, oil price volatility spiked following the 2007 financial crisis, but oil prices
were at their lowest level in five years. SPR releases have also not been restricted to times of
high-uncertainty. Crude oil has been released through several different programs, including
emergency drawdowns, infrastructure test sales, sales to reduce the deficit, and short-term
leases. Some sales have occurred during severe global oil market supply disruptions with
high uncertainty (e.g., 1991 Desert Storm sale), while others have occurred during localized
supply disruptions with low uncertainty (e.g., 2004 Hurricane Ivan release). SPR releases
have also been conducted while oil prices were relatively low and stable in 1985 to test the
SPR infrastructure and in 1996 to reduce the Federal deficit. Likewise, crude oil purchases

have occurred during periods of high and low oil market uncertainty. This variation in SPR
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policy and oil market volatility is used to estimate whether the effect of SPR policy on oil

price fluctuates with uncertainty.

I formalize this approach by including oil market uncertainty and SPR policy-uncertainty
interaction terms in the benchmark VAR model from Section 1.3.1. These uncertainty terms
add flexibility to the model allowing the effect of oil market interventions to vary over time
with uncertainty, which can shed light on puzzling asymmetric response of oil prices to SPR
purchases and releases. Unlike other studies of oil markets with time varying coefficients
(Baumeister and Peersman, 2013b), the time varying effects of SPR policy shocks are driven
by a specific exogenous variable, uncertainty.

Following Aastveit et al.’s (2013) work on monetary policy under uncertainty, I include
an exogenous uncertainty variable, V;, and uncertainty interaction terms for SPR purchases

and releases in the oil price equation:

40
AY, =a+ ) AY, i+ CV, Y+ DV, +¢ (16)

i=1
where V; is the uncertainty measure and V; Y; is the policy-uncertainty interaction term. To
study the effect of uncertainty on the SPR policy effect on prices, the coefficients on both

the volatility and volatility interaction variables are constrained as follows,

C = (17)
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The C matrix limits the uncertainty interaction terms to the SPR policy variables in the oil
price equation. The D matrix limits the uncertainty terms to the oil price equation. Given
the sample size, these constraints are necessary to restrict the number of variables in the

model.

The reduced form of this model,

40
Yi=Agla+ > AJ'A Y+ AJ'CV Y + AT'DV, + Agle, (18)
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is estimated with standard least-squares methods. As with the VAR model in Section 1.3.1,
the coefficients in the structural model (A4;, C;, and D) cannot be recovered, but the re-
duced form residuals (e;) can be converted into structural shocks (¢;) with recursive timing
restrictions. These estimated shocks are used to construct impulse response functions.

The SPR policy effects shown in the impulse response functions in Figures 13 and 14

use oil market volatility to capture uncertainty and are similar to those estimated in the
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benchmark model without uncertainty.” In both models, SPR purchases increase the price
of 0il 1 to 2 percent and SPR releases have a small negative, but not statistically significant,
effect on oil prices.

The reduced form coefficients can be used to estimate the effect of SPR purchases and
releases during periods of high and low uncertainty. Having estimated equation 18, I use the

coefficients for V9" and V' to simplify the model as follows,

40
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These equations allow the impulse response functions to be calculated with fixed uncertainty

levels. Specifically, V"9" is defined as the 90'" percentile volatility and V" is defined as
the 10'" percentile volatility.

SPR releases have no measurable effect on oil prices at any either high or low uncertainty,
regardless of the uncertainty measure. However, Figures 15 through 20 show the effect of
SPR purchase shocks on oil prices increases with uncertainty, across all uncertainty measures.
When volatility is low, unanticipated SPR purchases do not have a statistically significant
effect on prices (Figures 15, 16, and 17). This confirms claims by the Department of Energy
that crude oil purchases during periods of low oil market volatility do not affect oil prices
(U.S. Senate, 2003). However, when uncertainty is high, SPR purchase shocks increase the
price of oil from 2 percent, using political uncertainty, to 4 percent, using oil market or
economic uncertainty (Figures 18, 19, and 20). Unfortunately, SPR purchases tend to occur

during periods of high oil market volatility.

1.5 Conclusion

This paper analyzes SPR policy in a time series model of the U.S. oil market. I begin with
the observation that much of the SPR literature has focused on optimal SPR management
and does not directly estimate the effect of SPR policy on oil prices. Rather, these papers
assume that SPR crude oil releases lower the price of oil during supply disruptions while
purchases only raise the price slightly, if at all. Contrary to these assumptions, I show in a

structural VAR model with recursive timing restrictions that an unanticipated SPR release

"The impulse response functions estimated using the stock market volatility and political uncertainty
indices are nearly identical and omitted.
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has no measurable effect on oil prices, while an unanticipated SPR purchase increases the

price of oil 1.5 percent over 20 weeks following purchase.

I explore alternate identification methods for SPR policy using information that is not
contained in the VAR model. Oil market VAR models are typically identified by restricting
the timing or signs of structural shocks (Kilian, 2009; Baumeister and Peersman, 2013a,b; Jo,
2014; Kilian and Murphy, 2014). I show that a VAR model of the oil market can be partially
identified under different, less restrictive assumptions. I begin by constructing an instrument
for SPR purchases from the purchase schedules set by the Department of Energy. These
schedules are set months ahead of actual purchases, making them exogenous with respect to
other oil market shocks at the time of purchase. The purchase schedules were not immediately
announced publicly and exemptions were rarely granted, so the schedules are correlated with
unanticipated SPR purchases. This instrument identifies SPR purchase shocks in the VAR
framework without other restrictions on the structural shocks. An unanticipated SPR crude
oil purchase, identified with the purchase schedule, increases the price of crude 6 percent

over 15 weeks following purchase.

I use a different model to identify the effect of SPR releases with high-frequency crude oil
futures data. The change in crude oil futures prices immediately following release announce-
ments is used to measure whether SPR releases are unanticipated by the market. Estimating
policy shocks with this method avoids problems with endogeneity and omitted variables that
have been raised concerning policy shocks estimated in traditional VAR models (Rudebusch,
1998). Several different crude oil futures contracts are used to isolate the unanticipated pol-
icy shocks. This model confirms that unanticipated SPR releases do not have a statistically
significant effect on oil prices.

Finally, I explore a mechanism driving the SPR purchase and release effects by testing
whether the effect of SPR policy varies with uncertainty. I augment the structural VAR with
an oil market uncertainty measure and policy-uncertainty interaction terms. This allows the
effects of SPR policy to vary over time with uncertainly. I find that SPR policy shocks
only impact oil prices when purchases are made during periods of high uncertainty. SPR
purchase shocks increase oil prices 2 to 4 percent when uncertainty is high, depending on
the uncertainty measure. Unanticipated purchases when uncertainty is low, and releases at

any time, do not have an effect on prices.

The main contribution of this paper is to develop a framework for estimating the effect
of U.S. oil market interventions on oil prices. I show that under a variety of identifying
assumptions, SPR releases have not lowered the price of oil, while SPR purchases have
increased its price. These results have strong implications beyond the U.S. and global oil

markets. Over half of global crude oil stocks are held in government-controlled reserves in
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more than 40 countries. Many of these countries are following the U.S. by expanding their
government-controlled crude oil reserves (International Energy Agency, 2014). In light of
these results, strategic reserve acquisitions should be limited to periods of low oil market
uncertainty to minimize the price impact, and unanticipated releases from these reserves

should not be expected to lower oil prices.
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2 Public vs. Private Good Research at Land Grant

Universities®

2.1 Introduction

The land-grant university system, which is the centerpiece of the agricultural science
establishment in the United States, has been one of the most successful innovations in the
history of education (Kerr, 1987; Rasmussen, 1989). The future viability of the system is,
however, in jeopardy. Bruce Gardner has shown that while the U.S. agricultural sector was
once fairly uniform, composed largely of family farms, and the benefits of new technologies
were widely distributed, its benefits have become increasingly more concentrated while its
costs have remained widely dispersed (Gardner, 2002). Since the Smith-Lever legislation
augmenting the land-grant university system in 1914, the farm share of the population has
declined from 33 percent to 2 percent and the farm size distribution has become highly
skewed.? Correspondingly, the agricultural science establishment has received a declining
share of the public research budget, roughly in line with the farm sector’s declining share of
overall economic activity: agriculture received almost 40 percent of the federal R&D budget
in 1940 but by 2007 this share had declined to 1.4 percent.

Since the rate of return on agricultural R& D has been estimated at well over 40 percent
(Alston et al., 2000), it is not surprising that private agricultural research has more than offset
declining government funds (Huffman and Evenson, 1993). Many land-grant administrators,
looking to supplement their shrinking public budgets, have found eager partners in the private
sector to participate in research collaborations and partnerships. These administrators have
become increasingly successful forming industry research partnerships; in 2006 land-grant
universities accounted for more than half of the top 20 schools in attracting industry R&D

sponsorship.

This corporate sponsorship has caused controversy in some states where deans and direc-
tors have tended to “direct” faculty to perform short-term profit-enhancing service (Beattie,
1991). Moreover, choice of research projects is often controlled by internal competitive
grants, and/or the administration of extension has been separated from the administration
of teaching and research, presumably to concentrate more directly on serving special inter-
ests. In other states, a rift has developed between extension and teaching/research faculty.

As a consequence, extension activities have been slow to evolve beyond the farm sector in

8 Joint research with Gordon Rausser and Leo Simon
9The largest 7.1 percent of farms produce 75.1 percent of output value and the smallest 78.7 percent
produces only 6.8 percent of output value (Department of Agriculture, 2002).
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the same way that research activities have. In both cases, the fundamental premise of the
land-grant system is violated as research conducted for the private sector has tended to

“crowd-out” public good research (Greenberg, 2007).

University administrators increasingly encourage researchers to replace declining formula
funding by research grants, many of which are motivated by private interests either directly
through private grants or indirectly through public research grants generated by private
lobbying and pork-barrel politics. As a consequence, researchers’ marginal research time
and the generation of ideas are increasingly focused more on specific private interests. The
ultimate concern is that private interests will leverage their funds to crowd-out public good

research at land-grant universities.

The motivations to acquire private funding have been amplified by changes in intellectual
property (IP) ownership and any royalty distribution within the university Washburn (2005).
Following the passage of the Bayh-Dole Act, IP rights were assigned to the universities and
research scientists have typically received some fraction of the royalty stream associated
with the commercialization of their research. This allocation of royalty revenues provides
university scientists with incentives to pursue lines of research that are likely to lead to
commercially profitable discoveries. Moreover, since private industry funds are directed to
commercially appropriable research, university researchers can increase the likelihood that
their research will be licensed by pursuing private sponsorship. Again, this research funded by
the private sector crowds-out public-good research that is not generated elsewhere. Under-
emphasized research products include fundamental scientific knowledge and, in the field
of social science, research on new institutions and policies, analysis of labor displacement
effects of new technologies, and safety and environmental research on new biotechnologies

and chemicals.

As land-grant universities work more collaboratively with private interests, questions
are raised about the need for continued public funding and, more fundamentally, public
justification for the land-grant research system. Some argue that privatization of univer-
sity activities offers new potential for encouraging socially relevant research and facilitating
transfer of technology. However, without proper policies and incentives, universities can
become pawns of powerful private interests, and the unique and separable contribution that
universities can make to the public good may be lost (Just and Rausser, 1993). Public-
private partnerships cannot be allowed to leverage university resources and divert research

from public-good outputs not produced elsewhere.

The capture of land-grant universities can be expected to lead to increased public criticism
and possibly more dramatic reductions in funding. However, capture by the private sector is

not the inevitable outcome of public-private research collaboration. In fact, it is conceivable
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that with proper policies and incentives, universities can use public-private partnerships to
leverage industry resources to crowd-in public good research. Without such partnerships,
there is little prospect that the private sector will replace the public-good research that would
otherwise take place at land-grant universities. Sufficient incentives simply do not exist for
the private sector to effectively replace fundamental investments in public research. Even
though private investment in agricultural research is substantial, it quite obviously is aimed
toward applied commercial research with transparent potential for profitability: chemicals,

hybrid or genetically engineered seeds.

In this paper, we concentrate on the bargaining that must necessarily take place in
establishing public-private joint ventures and the incentives among the two agents: re-
search administrators and private industry representatives. The focus is on the potential
for crowding-in or crowding-out of public-good research. In addition to private-sector incen-
tives, a governance structure is specified for university research administrators. Crowding-in
and /or crowding-out is shown to depend critically on the structure of the bargaining problem

between these two parties.

Two alternative frameworks will be used to model university research: static and dy-
namic with feedback effects. The single-shot static research framework assumes research
funding only affects the sponsored research, that is, there are no knowledge spill-overs. This
‘worst-case scenario’ in which there is no feedback between public good and private good
research is overly simplistic. An alternative framework is then employed that admits the
nonlinearities and feedback between public good research and applied research that charac-
terizes the research process at land-grant universities. By accounting for knowledge spill-
overs this alternative framework blurs the distinction between between public good research
and commercial research and, as a result, also blurs the boundary between public land-grant

universities and the private sector research.

2.2 Model I: Single-Period With No Feedback Stock Accumula-

tion

At the center of our model is a public research institution. To fix ideas we’ll label this
research institution “the university.” However, the model could apply with few, if any,
modifications to a wide variety of public research institutions at any level of governmental

organization.

The university produces two kinds of research: theorems and mousetraps. Theorems,
denoted by k, are basic research that generates public goods. As such, they can not be

appropriated for direct commercial benefit. Mousetraps, denoted by m, are technologies
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and products resulting from applied research which are private goods that can be fully

appropriated for direct commercial benefit.

In this model the technology available to the university to produce new theorems and
mousetraps is simply a function of expenditure, denoted by e. These production technologies
have the associated cost function C'(m, k) = mPm 4k where f3,,,, B > 1. This cost function
gives rise to a production possibilities frontier for the university which describes the set of
feasible combinations of theorem and mousetrap research for a given level of expenditure,

e > mP + kP . This production possibilities frontier is shown in figure 21.

The university’s research allocation decisions are made by an administrator who is given
a performance function by the university’s regents. This function is used to evaluate the
quality of the administrator’s decisions. Initially we presume a simple linear performance

function, viz.,

Pm,k)=um+ (1—pwk  pelo1] (21)

This performance function gives the administrator u performance units for each mouse-
trap she produces and (1 — p) performance units for each theorem she produces. This
function establishes a relative price between mousetraps and theorems equal to the ratio
p = /(1 — p). For a fixed level of expenditure, the administrator will select the research
mix along her production possibilities frontier defined by the usual condition that the rate of
product transformation between mousetraps and theorems just equal their relative price, p.
We consider later the effect of generalizing the performance measure to allow for imperfect

substitution between mousetraps and theorems.

To produce any research the university must obtain funding. The university has both
public (government) and private commercial company funding sources.!® Government fund-
ing, g, is presumed to be costlessly and exogenously obtained. Funding from the commercial
company, denoted by f, is given in exchange for property rights over the produced mouse-
traps and is obtained through a bargaining process.!! The outcome of this bargaining process
is an (m, k) pair which is produced using funding from the commercial company and govern-

ment, C'(m, k) < f + g. If we normalize the price of mousetraps to unity,'? the commercial

10We broaden our analysis to consider investment dynamics in the second model and consider a third
funding source, viz., the royalties associated with any university mousetraps that have been commercialized.

1Tn reality the university would not fully cede its property rights to the mousetraps, but would instead
negotiate a royalties agreement. This complication is addressed in the second model.

12\We assume the commercial company can costlessly transform the university’s mousetrap research into
a marketable product. For simplicity, we assume every unit of the mousetrap research produced by the
university can produce a single unit of marketable product for the commercial company. Relaxing this
assumption by allowing for a costly, nonlinear transformation of mousetrap research does not significantly

26



company’s profit function is given by

n(m,k) =m— f (22)

In the current static model, any investment in theorems is worthless to the commer-
cial company; they only capture value from the mousetraps. However, depending on the

bargaining outcome, they may also have to produce funding support for some theorems.

We use the Nash cooperative bargaining solution concept to solve this problem.'® Un-
deniably, the Nash solution is a good place to start due to its simplicity. In particular,
we will be able to neatly define a precise measure of what we mean by “crowding-out” or

“crowding-in” and provide simple geometric interpretations.

Recall that the Nash solution is computed as the point in the bargaining set, B, that

maximizes the product of the players” utility gains from cooperating:

(m, k) = arg max{ [7(m, k) — 4| [P(m, k) — Py] : V(m, k) € B} (23)

mq and P, represent the disagreement outcomes (or threat points) for the commercial
company and university, respectively. In the event of disagreement, the commercial company
gets nothing—its threat point 74 is zero. In the event of disagreement, the university still has
a funding level of ¢ from governmental grants and can produce any allocation in the feasible
set labeled g in Fig. 2. The iso-performance line associated with this level of governmental
funding is labeled P;. The administrator would allocate this funding in accordance with
the price, p, induced by its performance function. Let the chosen allocation be denoted by
(myg, k). The threat point for the university is Py = umgy + (1 — p)k,.

For the problem in 23 to be well-defined, we must specify the bargaining set B. B is the
set of efficient points that lie between the ideal research allocations for the university and
company. This set is constructed as follows. First consider commercial company’s iso-profit
curves labeled 7 in 22. The profit associated with these iso-profit lines is decreasing along
the vertical axis. The commercial company’s ideal point is on the iso-profit curve with the
highest profit, which is the allocation (m],k}), where k! = 0 and the level of mousetraps
is defined by the standard marginal condition % = 1. The university has no global ideal
point, as its preferences are monotonic, but does have a local ideal point for every iso-profit

line. This local ideal point is determined by the tangency between the administrator’s iso-

alter our conclusions.

13There are good reasons to doubt the validity of this solution concept for modeling collective decision
making processes in general. We won’t discuss these here, but instead refer the reader to Rausser, Simon
and van’t Veld (1995).
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performance line and the company’s iso-profit line. For the commercial company to fund
university research, the administrator must offer an allocation that gives the company at
least its zero-profit disagreement outcome, m4. Such allocations are found in figure 22 along
the iso-profit line labeled 74 that begins at the origin. The university’s local ideal point
along this iso-profit curve is the allocation (m?, k) that lies at the tangency with its iso-
performance line. The bargaining set B is the set of all such efficient points between this
local ideal point for the university, (m}, k%), and the company’s global ideal point, (m},0).
This set of points is also the core of the bargaining problem, in which the solution must lie.

It is relatively straightforward to map this bargaining set from m — k space to utility
space to produce (a slight variant of) the well-known Nash bargaining picture, as depicted

in figure 23.14

2.2.1 Measuring the Degree of Crowding-Out

As noted in the introduction, a basic concern of this paper is the allocation of research
expenditures between public good research (theorems) and commercial applications (mouse-
traps). There is concern that as a result of reduced government funding, public good research
will be neglected and research will be expanded that is more short-term in orientation, and
more geared toward commercial applications. This paper attempts to shed some light on the
relationship between research priorities and the availability of public funding for university
research. In particular, we use the model to investigate the claim that privately funded
research can crowd-out or, in the alternative, crowd-in fundamental research, and that this

can occur even when public funding becomes scarcer.

Two notions of crowding-out are easily captured, one a research ratio measure, the other a

negotiating leverage measure. The research ratio measure focuses on the ratio of expenditure
on mousetrap research to expenditure on theorem research. This ratio will be referred to as
the m-k ratio.
Definition: A fall in the level of government funding exacerbates the research ratio measure
of crowding-out if it results in a increase in the m—k ratio. That is, research ratio crowding-
out exists if i m/k) < 0. Research ratio crowding-in exists if d(m/k) > 0, a decrease in
the level of government funding decreases the m — k ratio.

This is a very natural notion that seems, at first blush, to capture the essence of the
crowding-out metaphor. The first result from our model is that it exhibits research ratio

crowding-out.

14To maintain concavity of the Nash product requires some mild restrictions on the cost functions which
essentially guarantee that the contract curve does not rise out of the commercial company’s ideal point too
quickly.
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Proposition 1: In the context of the specified model, a decline in the level of government
funding will increase the ratio of mousetraps to theorems produced by the university.

The intuition for this result is quite straightforward. Under extremely weak restrictions,
publicly funded research in our model will generate a lower mousetrap to theorem ratio
than privately funded research. The m — k ratio compares total expenditure on mousetrap
research to total expenditure on theorem research, aggregating across privately-funded and
publicly-funded activities. As public research funds decline, so does the contribution of its

relatively theorem-rich research mix to the aggregate mix, and so the m — k ratio declines.

The above result is hardly surprising. Avoiding this research ratio form of crowding-out
seems to be too much to expect. While administrators might wish that private agencies
would share their enthusiasm for fundamental research, they can hardly expect this result.
More realistically, administrators should expect that some dilution of the purity of their
research activities is a necessary price that they must pay if they are to augment their public
funds with private ones. For this reason, the research ratio measure of crowding-out result
is of little practical use as it tells us nothing about how policy makers could restructure

incentives to ameliorate the deleterious effects of crowding-out.

For the remainder of this section we focus on a more subtle notion of crowding-out, which
is intimately connected to the view that the research fund raising process should be viewed
as a bargaining problem. The fundamental issue is: how will the decline in government
funding affect the relative bargaining strength of the university administrator as she enters
into negotiations with private funding sources for research contracts. A very natural concern
is that as government funding declines, the administrator’s need for funds will become more
desperate, and hence more willing to compromise in the bargaining process in order to secure
funding. In this context, compromise will take the form of skewing research contracts in favor

of mousetraps rather than theorems.

To operationalize this idea, we introduce the following negotiation leverage measure of
crowding-out. The very best that the administrator can hope for in a negotiation with
a private funding source is to drive the other bargainer to her reservation utility, i.e. to
extract all of the surplus from the bargaining relationship so that the other party is just
indifferent as to whether or not an agreement is reached. We have already defined this as
the administrator’s local ideal point, (m?, k’). In general, of course, such a good bargain
will never be struck, and the commercial company will secure some of the surplus. A natural
way to measure the university’s negotiation leverage, then, is to consider the gap between
the realized bargaining outcome and the best possible outcome, as a fraction of the total
potential surplus that is available to the administrator from the bargaining relationship

Rausser and Zusman (1992).
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Definition: Formally, this measure of the university’s leverage is:

P —P

(= P _p, (24)

where, as illustrated in Fig. 3, P* is the highest utility that the administrator can obtain
from the bargaining relationship, P is the utility she obtains from the actual solution to the

bargaining and P, is the administrator’s default utility.

This measure of leverage ranges between zero and one. When ¢ = 0, all the negotiation
leverage resides with the administrator, while if ( = 1, the administrator is completely at

the whim of the commercial company.

Given this definition of leverage, a negotiation leverage measure of crowding-out may be
defined that relates directly to the incentive structure of the underlying bargaining problem
that can generate the crowding-out phenomenon:

Definition: The degree of crowding-out is measured by the change in the administrator’s
negotiation leverage as government funding falls. If % = 0, we say the bargaining problem
1s neutral. The bargaining problem exhibits negotiation leverage crowding-out if g—g < 0.

Conversely, the bargaining problem exhibits negotiation leverage crowding-in if Z—g > 0.

2.3 Neutrality

The key issue to be addressed is: can a decline in the level of government research funding
increase the university administrator’s negotiation leverage? We begin by constructing a
“neutrality” result. That is, we identify conditions under which the extent of negotiation
leverage crowding-out is independent of the level of government funding. The theorem below
is intended as a benchmark rather than as a positive result. Because the three assumptions
upon which the result depends are all extremely restrictive, we can conclude that in reality,
the extent of crowding-out is indeed quite sensitive to the level of government funding.
Proposition 2: The following three separability conditions are necessary and sufficient

for the bargaining problem to exhibit neutrality, i.e. for the degree of negotiation leverage
crowding-out to be independent of the level of government funding.

1. Benefit Separability: The commercial company only has property rights over the mouse-
traps that result from research that it funds. The university retains property rights over
the mousetraps it produces with government funds.

2. Cost Separability: The cost functions for privately and publicly funded research are
independent of each other.
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3. Performance Separability: Theorems and mousetraps are separable in the administra-
tor’s performance function.

Under condition (1), the commercial company derives utility from any mousetraps resulting
from the research program that it funds, but derives none from mousetraps resulting from
publicly funded research. More generally, this condition reflects the idea that association
with the university provides the commercial company with no externality whatsoever. In
reality, of course, this is not the case. Private funding sources generally gain a great deal
from these associations, over and above the utility that the research outputs generate. These
benefits take many forms, ranging from prestige and the benefits of public visibility through

access to research ideas and potential employees at all levels.

An implication of condition (2) is that the marginal cost of producing an additional
mousetrap or theorem depends only on the number of mousetraps and theorems already being
produced within the given research program as opposed to depending on the outputs of other
research projects. In particular, privately-funded and publicly-funded research programs
cannot compete for the same scarce resources. Once again, this is an extremely restrictive
assumption. In fact, it is typically the case that some fraction of the private research funds
are earmarked for operating expenses rather than for infrastructure, so that at the very least,
the university’s opportunity cost of publicly funded research does increase with the level of

privately funded research.

Condition (3) will be satisfied if and only if theorems and mousetraps are perfect sub-
stitutes in the administrator’s performance function. To the extent that the performance
function is intended as a realistic proxy for “social welfare,” this condition is just as restrictive

as any other assumption about perfect substitutability.

The proof of this neutrality result is illustrated by figure 24. The figure depicts the
two bargaining problems confronting the administrator and the commercial company, with
different levels of public funding, as exact translates of each other. The neutrality result
then follows immediately from the fact that the Nash Bargaining Solution is translation

invariant.!®

The key intuition for the proof lies in the demonstration that the problems are indeed
translates of each other. To see this, note that under assumption (1), the commercial com-
pany obtains no benefit whatsoever from the outputs of publicly-funded research. Nor do its
costs of doing business depend in any way on the level of public research. Hence, from the
commercial company’s point of view, all aspects of the bargaining problem are completely

unchanged as the level of public funding decreases from ¢ to ¢’. Similarly, the administrator

15 A monotonic decrease in government funding simply shifts the bargaining problem and the properties
of the Nash Bargaining Solution do not change.
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benefits from publicly-funded research by exactly the same amount, irrespective of whether
or not it reaches an agreement with the commercial company, and irrespective of the na-
ture of this agreement. In particular, note that by condition (3), the manner in which the
administrator allocates public funds between theorem and mousetrap research is completely

independent of whether or not, and how, it negotiates with the commercial company.

2.4 Nonneutrality

In this section, we relax each of the assumptions of Proposition 2 in turn, and consider the
effect of reduced government funding on the degree of crowding-out. We begin by omitting
condition (1). For concreteness, imagine that the university administrator is authorized to
offer to the commercial company property rights over all government-funded mousetraps as
a “side-payment” that may induce more private participation. Specifically, consider a bar-
gaining contract which assigns the commercial company property rights to every mousetrap
produced, provided that some agreement is reached. If no agreement is reached, then the

commercial company gets nothing.

4

As government funding declines, the size of the “pot” of bonus mousetraps available for

side-payments also declines. What is the implication of this for crowding-out?
Proposition 3: Nonseparable Benefits If conditions (2) and (3) hold but not (1), then
a decrease in the level of government funded research may either increase or decrease the
degree of crowding-out.

This indeterminacy is at first sight unexpected. Intuitively, it would seem obvious that
the larger is the pot of bonus mousetraps, the more the commercial company has to lose in
the event that it fails to reach an agreement. It would seem that this device for enticing
the commercial company into a bargaining relationship should strengthen the administrator’s
hand in the bargaining process. After all, the more she brings to the table, the more leverage
she has in bargaining with the commercial company. Hence, we would expect that a decrease
in the level of government funding would decrease the degree of crowding-out. Clearly, this

is not the case, however.

The intuition for Proposition 3 is provided by figure 25 and figure 26 for a nonlinear
university performance function. To highlight the problem, we consider two very extreme
cases in which the university administrator’s iso-performance lines are convex. Note however
that the bargaining problems illustrated in these figures do not correspond to the problem
at hand. In particular, their Pareto loci are not smooth. On the other hand, it will be
apparent to the reader that we could construct smoothed versions with the same properties

that would be consistent with our model. In figure 25, the original bargaining frontier is
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the line abe. After government funding has been reduced, the new frontier is cde. The
explanation for this difference is that before government funding is cut, the university can
offer a side-payment to the commercial company that the company values at 7 — 7*' but
the university values at zero. The commercial company receives this side payment in full,
provided some agreement is reached, but receives nothing in the event of disagreement. Note
that the bargaining frontier is initially downward-sloping but then vertical.!® After the cut
in government funding, government-funding research dries up entirely, and the administrator
cannot offer the commercial company a side-payment. Consequently the entire bargaining
frontier shifts down by precisely the amount 7* — 7*/. Note that because of the extreme
specification of the frontier, the the maximal utility level that the administrator can obtain
from the bargaining relationship, P*, is unaffected by the decline in funding. On the other
hand, the realized outcome shifts back down along the ray through the default outcome, so

that P exceeds P’ Clearly, this example exhibits crowding-out.

Now consider figure 26. The structure is exactly parallel except that the bargaining
frontier starts out horizontal and becomes downward sloping. In this case, however, P*
exceeds P*' while P is unaffected by the decline in funding. This example exhibits crowding-
in.

Since the “intuitive” result proved to be false, the reader will not be surprised to learn
that the effects of relaxing the other two conditions are also indeterminate. First, consider
what happens when costs are nonseparable. For concreteness, assume that research costs for
mousetraps (similarly theorems) strictly increase with the aggregate number of mousetraps
(theorems) produced. Clearly, in this case an issue of cost-sharing arises: should private or
public funding have access to the flatter part of the cost curve? To simplify the computations,
we shall assume that public research has first access to the technology. That is, we will
assume that public research costs are independent of private research activity, but the reverse
relationship does not hold. In extensions to this work, we will consider the effect of including
cost-sharing as an additional dimension along which bargaining can occur.

Proposition 4: Nonseparable Costs If conditions (1) and (2) hold but not (3), then
a decrease in the level of government funded research may either increase or decrease the
degree of crowding-out.

Finally, consider the effect of introducing curvature into the administrator’s performance
measure. Specifically, assume that the administrator’s performance measure is Cobb Dou-
glass in aggregate mousetraps and aggregate theorems. In this case, intuition strongly sug-

gests a determinate result. We have already noted in Proposition 1 that as the level of public

16While this extreme specification is useful for heuristic purposes, the argument clearly holds for more
general specifications.
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funding declines, the aggregate theorem to mousetrap ratio will decline also. Once we move
to a Cobb Douglas performance measure, a decline in public funding will have the effect of
increasing the administrator’s “hunger” for theorems. Being more “needy” in this regard,
we would expect that the administrator’s bargaining position would be weakened by the
decline, and that crowding-out would increase. Once again, however, this intuition proves

to be spurious. Specifically,

Proposition 5: Nonseparable Performance If conditions (1) and (3) hold but not (2),
then a decrease in the level of government funded research may either increase or decrease
the degree of crowding-out.

2.5 Model II: Multi-Period With Feedback Effects

The success of the land-grant university system is attributed to two-way interaction
whereby research scientists are informed of field problems and relevant solutions based on
scientific developments are communicated to the field (Bonnen, 1986). Phenomenal pro-
ductivity has been due to dispersing and commercializing these technologies widely in the
agricultural sector of the economy (Ruttan, 1982; Evanson et al., 1979). Moreover, the
system has supplied products with public good characteristics such as new crop varieties,
improved breeding stock, and improved management practices. These products have been
easily reproducible and thus have not lent themselves to private market development and
appropriation. The following model focuses on the joint dependencies between basic and

applied research.

In our dynamic model, the production functions of mousetraps and theorems are depen-
dent on the stocks of both basic and applied research. Since money spent on research in
the current period increases the stock of theorems available for future research, this funding
should be considered investment. The creation of theorems will also increase the stock of
knowledge available to the creators of mousetraps; thus the stocks are public goods. However,
there is also potential feedback from the accumulated mousetrap stocks to new discoveries

in basic science.

Each period the university administrator chooses m; and k; and output is determined by:
Mt = OéMtfl + my + h(thl) (25)

Kt = ’YKt—l + k?t + Z(Mt—l) (26)

Now the number of mousetraps (theorems) produced in period t is a function of the

stock of mousetraps (theorems) available to researchers, M; 1, mousetrap (theorem) research
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funding, m;, and feedback from the stock of theorems (mousetraps), h(K;_1). The feedback
effects have the following properties for all M, K > 0:

h(K),1(M) >0 (27)
W0 (28)
W< 0 (29)

Conditions (27), (28), and (29) capture the strictly positive, convex nature of feedback

effects in university research.

Each period the administrator’s performance is evaluated by a performance function,

now stated in terms of the stocks of both applied (M;) and basic (K;) knowledge, i.e.
Pi(My, Ky) = pM; + (1 — p) K, w € [0,1] (30)
Thus over T periods the administrator’s objective is to maximize

P =Y pB'P+ 3 y(My, Kr) (31)

where (3 is the administrator’s discount factor and ¢(Mz, Kr) is the value to the adminis-
trator of research conducted during the final year. This objective function establishes the
relative price between mousetraps (applied research) and theorems (basic research) in every
period is p = /(1 — p).

As in the single-period model, the university must obtain funding to sponsor research,
but now the university has three potential funding sources: the government, a commercial
company, and royalties from the university’s mousetraps that have been commercialized by
the company. As before, government funding, g;, is presumed to be costlessly and exoge-
nously obtained. Private funding, denoted by f;, is obtained through a bargaining process
that also determines royalties, R(M;). The outcome of this bargaining process is a pair of
vectors (m = my,...,mp;k = ky,..., kr) and a royalty rate, R(M;): the company agrees
to provide a level of funding sufficient to produce a portion of this allocation, f;, and to
pay the university some fraction of the revenue from the commercialization of mousetrap
research from the previous period as a royalty. We assume the administrator will only have
0 € [0, 1] of the royalties paid by the company at their disposal, while the remaining (1 — 0)
is distributed to other groups in the university and has no impact on research. Note, the

price of mousetraps is again normalized to unity.

The production of theorems and mousetraps in period t again has the following cost func-
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tion: Cy(my, ki) = mfm —H{:fk, where [y, 8,, > 1. This cost function gives rise to a production
possibilities frontier for the university which describes the set of feasible combinations of

theorem and mousetrap research for a given level of expenditure in period t,
C(me, ki) < g + fr + R(M; 1) (32)

where R(M;_) are the royalties paid by the company to the university in period ¢ for the

commercialization of mousetrap research in period ¢-1.

If a commercial company reaches a funding agreement with the university, then each
period that company sells mousetraps licensed from the university, funds university research,
and pays royalties based on the commercialization of mousetrap research in the previous

period. The company’s profit in period t is therefore
7Tt(mm kt) =M, — fi — R(Mtfl) (33)

where the private funding level in period t, f;, is equal to the university’s cost of producing
the company’s share of the total research output. The company’s total profit is the sum of
the profits from each period and the scrap value of an agreement, W (Mr), discounted by

the company’s weighted average cost of capital, r:

S
L

1
1+r

1
1+r

M=) (——=)'m(me k) + ()" W(Mr) (34)

~
Il
=)

Again, we use the Nash cooperative bargaining solution concept to solve this problem.
Using the multi-period extension of the Nash bargaining framework from the first model,
the solution is the pair of vectors m = my, ..., my and k= k?l, cee kr in the bargaining set,

B, that maximize the product of the players’ utility gains from cooperating:

~

(m, k) = arg max[I1(mq,...,mp, ki, ... kp) — I
P(ml,...,mT,kl,...,k:T)—Pd (35)
: ‘v’(ml,...,mT,kl,...,kT) EB}

Again, Il; and P, represent the disagreement outcomes for the commercial company and
university, respectively. The company earns no revenue if it does not reach an agreement
with the university, since no mousetraps are sold, and has no costs, since no research is
funded, so its threat point, Ily, is zero. The university still has a funding level of g from

the government in the event of disagreement, which it will allocate in accordance with the
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price, p = pu/(1 — p), induced by its performance function. Let the allocation chosen by
the administrator for a funding level of g be denoted by (my,, ..., mg.; kg, ..., kg, ). In the
event no agreement is reached, the university administrator’s performance function will be
Fa= Y050 B' My, + (1= 0)Ky) + BT0(Myy, Ky ).

A new bargaining set, B, must be defined for this multi-period game for (35) to be well-
defined. The company’s ideal allocation is now the set of points (me¢,*, ..., me,* ke, ™, .o kep )
which are determined by the first-order conditions given in the appendix. Again, the univer-
sity administrator has no global ideal point and must only offer the company an allocation
that gives the company at least its disagreement outcome, if there is to be an agreement.
The set of efficient points between the company’s global ideal allocation and disagreement

outcome form the bargaining set B, in which the solution must lie.

2.6 Measuring Crowding-Out With Feedback

We will use the two notions of crowding-out from section 2.1 to determine the conditions
under a research partnership with the private sector can improve a university’s public good
research. Recall, the first notion, the research ratio measure of crowding-out, focuses on
the ratio of applied research to basic research. We extend the single-period definition to
this multi-period model by comparing the ratio of total expenditure on mousetrap research,
(m1+ ... +mp), to total expenditure on theorem research, (ky + ... + kr).

Definition: A fall in the level of government funding exacerbates the research ratio measure

of crowding-out if it results in an increase in the M —K ratio. That is, crowding-out exists if
d((mi+...+m7)/(k1+...+k7)) <0
dg :

Though the first-order conditions, see appendix, indicate the profit-maximizing company
will want to invest in some basic research because of the feedback loops, this model still

exhibits research ratio crowding-out.

Proposition 6: For the specified model, there exists 6,7 > 0, such that for all 5 > 1 — 9,
a decline in the level of government funding will increase the ratio of total expenditure on
mousetraps to theorems produced by the university.

The university administrator’s linear performance function guarantees that for any €0, 1],
the administrator values the production of theorems more than the commercial company,
which leads the administrator to always prefer more basic research than the company (see
appendix). Once again, public funding leads to a relatively theorem-rich research mix and, as
private funding increases, relatively fewer theorems are produced. Even with large feedback

effects the private sector will not value basic research as much as the administrator.

As before, the negotiation leverage measure of crowding-out, in which private fund rais-
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ing is viewed as a bargaining problem, focuses on change in the university administrator’s
leverage in her bargaining negotiations with the private sector as government funding falls.
Note that we extend the negotiation leverage measure of crowding-out to this multi-period
problem by simply using the weighted sum of the administrator’s utility in the local ideal,

actual, and default bargaining outcomes:

T—-1

P =" B (M, + (1= w)K;,) + BT (M,, K, (36)
t=0
T-1 R . A A

P=>"B"(uMy, + (1 = p)Ky,) + 70 My, Kuy) (37)
t=0
T—-1

Py=Y B'(pMy, + (1 — p) Ky,) + B0 (M, K,,) (38)
t=0

The university’s leverage, 24, is again measured as the distance between the realized bargain-
ing outcome and the local ideal outcome, as a fraction of the administrator’s total potential

surplus from the bargaining outcome.

Again, negotiation leverage crowding-out occurs if % < 0 and negotiation leverage crowding-

in occurs if 3—2 > 0. If Z—g = 0, the bargaining problem is neutral.

6. Neutrality With Feedback Two more neutrality conditions are needed to establish the
“neutrality” result for the multi-period model with two feedback loops. These assumptions,
like conditions (1), (2), and (3) from Proposition 2, are extremely restrictive, so the extent
of crowding-out in this multi-period model is likely sensitive to the level of governmental
funding.
Proposition 7: When conditions (4) and (5) are added to conditions (1), (2), and (3), the
separability conditions are necessary and sufficient for the multi-period bargaining problem
to exhibit neutrality, i.e. Z—g = 0.

4. Equal Weighting: The university administrator’s performance function assigns equal

weight to basic and applied research. That is, = 1/2.
5. Equal Feedback: The feedback functions are equal, h(-) = I(-).

Conditions (4) and (6) ensure the symmetry required for the neutrality result. Under
condition (4) the administrator derives an equal amount of utility from the production of
basic and applied research. Because the administrator’s performance function is a proxy
for “social welfare,” constraint (4) on p is just as restrictive as the other substitutability
assumptions. Condition (5) ensures the administrator’s production possibilities frontier is

symmetric about the 45° line. Though necessary to guarantee neutrality of governmental
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funding, this assumption is highly unlikely to be satisfied in practice.
Figure 27 illustrates why conditions (4) and (5) are needed to prove Proposition 7. The

symmetry imposed by these neutrality conditions ensures that the administrator’s leverage
does not change as governmental funding changes. With feedback effects, a decrease in
funding from the government has two effects: conditions (1), (2), and (3) guarantee the
end points of the production possibilities frontier shift down along their respective axis and
condition (5) guarantees the frontier becomes less convex in a symmetric way so that the
derivative of the frontier at the 45° line is —1. Condition (4) establishes that the allocation
that lies at the intersection of the production possibilities frontier and the 45 ° line is optimal
for the administrator. Figure 27 depicts a change in the university’s m — k space as funding
decreases. Since the ray along which the administrator’s preferred research allocations lie
does not change with changes in the level of governmental funding, the bargaining problem

is neutral.

2.7 Nonneutrality with Feedback

We now consider the effect of relaxing condition (d) of Proposition 7 on the degree of
negotiation leverage crowding-out.
Proposition 8: If conditions (1), (2), (3), and (5) hold but not (4), a performance function
that weights applied research more heavily than basic research, pu < 1/2 will increase the
degree of negotiation leverage crowding-out, and a performance function that weights basic

research more heavily than applied research, > 1/2 increases the degree of negotiation
leverage crowding-in

The effect of changing the relative weights of basic and applied research in the admin-
istrator’s performance function is illustrated in figure 28 and figure 29 the administrator’s
performance function gives more weight to theorems, p > 1/2. A decline in funding leads
to crowding-in as the university administrator’s optimal allocation includes relatively more
basic research. Figure 29 illustrates that for an administrator with ;1 < 1/2, a similar decline
in government funding leads to crowding-out. The magnitude of crowding-in/out increases
with the size of the drop in governmental funding.

Relaxing condition (5) of Proposition 7 can similarly lead to either negotiation leverage
crowding-in or out.

Proposition 9: If conditions (1), (2), (3), and (4) hold but not (5), then a decrease in the
level of government funded research will increase the degree of negotiation leverage crowding-
out if h(-) > I(-), or increase the degree of negotiation leverage crowding-in if I(-) > h(-).

First, assume the feedback from mousetraps to theorems is larger than the feedback

from theorems to mousetraps, I() > h(:). Figure 30 illustrates the effect of a decrease in
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government funding. For a university administrator who weights basic and applied research
equally (u = 1/2), it is optimal to fund relatively more basic research when government
funding declines. The intuition for this crowding-in of basic research is simple; the university
administrator gets relatively more bang for every buck invested in applied research and, as
funding declines and the asymmetric feedback effect becomes less pronounced, relatively

more basic research is funded.

Figure 31 illustrates that a decrease in governmental funding has the opposite effect when
the feedback from theorems to mousetraps is larger than the feedback from mousetraps to
theorems, h(-) > [(-). Since basic research gives relatively more bang for the buck, the
administrator will fund relatively more applied research as governmental funding declines

and the asymmetry becomes less pronounced.

2.8 Conclusion

Concerns that commercial sponsorship of university research will crowd-out basic research
conducted for the public good, “theorems”, are legitimate. Both models of the university
research process used in this paper show that commercial sponsorship agreements can lead
to the crowding-out of public good research. The likelihood of crowding-out depends on
the framework used to model university research. In the first model, there is an implicit
linear evolution from public good or basic research to applied or private good research (Bush,
1945). For the case of no dynamic relationships crowding-in only occurs under a set of highly
restrictive assumptions. When there exists a linear decomposition of public good research
and commercial or private good research, it is difficult for university administrators to form

partnerships with profit-maximizing companies do not crowd-out public good research.

In the second model we use a dynamic framework to model university research that
admits nonlinearities and recognizes the chaotic nature of the research and development
processes. Unsurprisingly, crowding-in becomes more likely as we allow for feedback loops
from discoveries in applied science to expand the opportunity set for public good research.
Astute university administrators can form partnerships that magnify these feedback loops
and increase public good research while working with the private sector. University adminis-
trator’s should consider evaluating commercial sponsors based on the potential for significant
feedback effects. For example, administrators can increase feedback effects by forming part-
nerships with companies that allow university researchers to access proprietary knowledge
that is otherwise unavailable to the public. Identifying these complementarities will help uni-
versity administrators create partnerships with the private sector that improve both public

good and commercial research (Rausser, 1999).
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We have structured the models presented in this paper under the simplifying assumption
that university researchers simply follow direction from the administrator and do not respond
to other incentives. In practice, the potential for royalties from commercialized research
entices university researchers away from conducting public good research (Greenberg, 2007;
Washburn, 2005). We expect these internal incentives to lead to more researchers working
on applied science with commercial benefits than is socially optimal. Given these incentives
underlying research pursuits, it is all the more important for administrators to acknowledge
and exploit feedback loops by forming commercial research partnerships that enhance public

good research.

The importance of feedback effects in scientific research has long been acknowledged. In
1871, Louis Pasteur wrote, “There does not exist a category of science to which one can
give the name applied science. There are science and the applications of science, bound
together as the fruit to the tree which bears it.” By establishing research partnerships with
the private sector that maximize feedback from applied to basic research, administrators at
land-grant universities can take advantage of this unique feature of scientific research and

promote the public good while managing their funding problems.

2.9 Appendix

The administrator’s choices of m; and k; in the second model are determined by solving the

following constrained optimization problem:
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The first-order conditions for the administrator’s optimization problem in the second model

are
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In the second model the commercial company wants to maximize the sum of the profits
from each period, m(my, k) = My — fi — R(M;_1), and the scrap value of an agreement,
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where f; is the funding the company provides to the university to produce the company’s

share, (m,, k., ), of the university’s research allocation each period, f; = C(m,,, k).

The company’s first-order conditions are
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3 The Effects of Congestion Pricing on Public Trans-

portation Demand and Air Pollution!”

3.1 Introduction

How does congestion pricing effect public transportation ridership and air pollution?
The answer to this question has important implications for the design of transportation
policy. Proponents of congestion pricing claim that drivers will not simply substitute off-
peak driving for peak driving, rather, drivers will increase public transportation usage during
peak hours, which will lower levels of air pollution (Geoghegan, 1995; Daniel and Bekka,
2000). Estimating the cross price elasticity of public transportation will improve forecasts
of public transportation ridership and revenue increases following the implementation of
congestion pricing. A precise estimate of the effect of decreased driving on air pollution will

also improve welfare calculations for congestion pricing.

Congestion pricing on the San Francisco-Oakland Bay Bridge was implemented on July
1, 2010. Though the primary motivation for the policy was to raise funds to pay for bridge
repair and maintenance, it was expected to address externalities associated with private
automobile use: traffic and air pollution by decreasing the number of cars travelling on the
bridge and also lowering travel times. Foreman (2012) showed that congestion pricing on
the Bay Bridge did decrease traffic volume and travel times during peak hours, and some of
that traffic shifted to off-peak hours. This paper extends her work by examining whether
commuters shifted to public transportation and whether the shift is large enough to lower

air pollution levels.

Though the cross-price public transportation demand has been studied extensively, those
estimates are not necessarily useful for estimating the impact of congestion pricing. Early
work on the cross-price elasticity of public transportation demand used increases in gasoline
prices to capture increases to the cost of private transportation. This approach will yield
biased estimates if the determinants of gasoline price (economic growth) also determine public
transportation demand. Bland (1984) and Wang and Skinner (1984) used gasoline price
increases to estimate the cross-price commuter bus elasticity ranges from 0.08 to 0.8. Doi
and Allen (1986) use a similar approach to estimate the cross-price commuter rail elasticity

of 0.11 cross price.

Similarly, estimating the effect of private transportation on air pollution levels is compli-

cated by endogeneity. The estimates from early work on the topic vary widely, likely due to

17J0int research with Kate Foreman
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endogeneity. But, recently, a number of papers have used quasi-natural experiments to esti-
mate the effect of driving on pollution levels (Auffhammer and Kellogg, 2011; Davis, 2008).
In this paper, we use the implementation of congestion pricing on the San Francisco Bay
Bridge to estimate the effect of congestion pricing on public transportation and air pollution
levels. The congestion pricing policy provides a natural experiment to estimate these effects.
Ours is the first study to exploit the use of congestion pricing in the San Francisco Bay Area

to estimate the cross price elasticity.

The central results of this paper are that the cross price elasticity of metro rail trans-
portation (BART) is 0.2, and for commuter bus (AC-Transit) the elasticity is 0.15. These
estimates are slightly below the estimates for the transportation economics literature previ-
ous literature. We also show that following the implementation of congestion pricing, local
air pollution levels were flat during peak pricing hours, but rose somewhat during off-peak
hours. This suggests some drivers shifter their commutes to off-peak hours to avoid paying

the increased toll during peak hours.
The rest of the paper is organized as follows. In section 2 we review the empirical strategy

and data. In section 3 we present the results from the difference-in-difference and regression

discontinuity models. Concluding remarks are presented in section 4.

3.2 Empirical Strategy and Data

This paper uses two empirical strategies to identify the effects of congestion pricing public
transportation and air pollution: difference-in-difference and regression discontinuity. These
approaches exploit the quasi-natural experiment provided by congestion pricing to estimate

the effect on public transportation and air pollution.

3.2.1 Empirical Strategy

We estimate the cross-price urban public transportation demand elasticity using a linear
difference in difference model, where ridership depends on a treatment dummy, time and

date fixed effects. Our baseline specification is:

riders, = By + Brafter, + Bjaftery x h + pp + ¢g + wy + & (42)

where t indexes time, riders; is the hourly ridership level for a station pair, after; is a
binary treatment indicator (1 if after toll change), a fterxh is the treatment-hour interaction,
pn is the hour fixed effect (excluded category is 12:00 midnight), ¢4 is the day fixed effect
(excluded category is Monday), w,, is the week fixed effect (excluded category is first week
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of year), and &, is an error term. This model is used for both public transportation (bus and

commuter rail) and air pollution.

The parameter of interest, §;, measures the effect of treatment by hour, and is our
measure of hourly price elasticity. This parameter gives the effect on point-to-point commuter

bus and commuter rail ridership by hour.

The key identifying assumption of our difference-in-difference estimators is that the trend
in midnight public transportation ridership is parallel to the trend in peak and off-peak
ridership. That is, absent the congestion pricing policy, the trend in midnight ridership (the
control time period) has a similar trajectory to what we would have seen in the peak and off-
peak ridership (treatment). The difference-in-difference estimator also assumes stable unit
treatment value. We assume that peak and off-peak transportation usage would follow similar
trends (relative to midnight) in the absence of treatment. Given these two assumptions, the

coefficients in our baseline model can be estimated using least squares regression.

We use a similar model to estimate the effect of congestion pricing on air pollution. In

this model, hourly pollution levels are a function of

pollution, = yo + nafter, + vafter, x h+ v Xy + pn + ¢a + wy + €1 (43)

In addition to the hour, day, and week fixed effect, we include weather control variables
(X;) that include temperature, precipitation, wind speed, and wind direction dummies. The

variable of interest, 7;, tells us the effect, by hour, of congestion pricing on pollution.

A potential problem with the differences-in-differences methodology is that an unobserved
change in the control group (midnight) trend would bias results. We address this problem
with a regression discontinuity framework. This allows us to estimate the effects of congestion
pricing without relying on parallel trends in the treatment and control groups. The regression

discontinuity estimator used for both public transportation and air pollution is

Yy = a+ Tafter; + 5X; + & (44)

where g, is the daily average of hourly ridership volume or air pollution level, after; is
the binary treatment indicator (1 if after toll change), and X, are the control variables. This
approach uses the abrupt implementation of congestion pricing on July 1, 2010 to estimate
short-run effect on public transportation air pollution effects, instead of the long run effects
captured by the difference-in-difference estimator. The regression discontinuity estimator

allows us to see whether the policy effect declines over time.
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3.2.2 Data and Descriptive Statistics

3.2.2.1 Public Transportation Data Given the cost of private transportation only
increased for traffic over the San-Francisco-Oakland Bay Bridge, the analysis in this paper
is restricted to the alternate modes of public transportation over between San Francisco and
Oakland. This paper uses data on public transportation from two sources: Bay Area Rapid
Transit (BART) and Alameda-Contra Costa Transit District (AC-Transit). The BART
dataset is a comprehensive record of all 62.97 million BART trips taken between July 2009
and June 2011. Of those trips, 88 percent (55.49 million) went through the Transbay Tube
between the East Bay and San Francisco. The Transbay Tube follows roughly the same
route as the Bay Bridge. This data set gives us the entire population of BART riders over
the Bay Bridge. The unit of observation in this dataset is the number of riders, each hour,

travelling between two stations.

Figure 32 below plots hourly BART ridership between the East Bay and San Francisco
before and after the toll change.

The overall ridership levels are very similar before and after the implementation of conges-
tion pricing; during both periods transbay ridership is highest during morning and evening
commute times. The median transbay BART rider enters the system during commute hours.
Figure 33 breaks down this data by plotting the hourly ridership into the San Francisco

t.18

Central Business Distric The median commuter travels to San Francisco central business

district from the East Bay in the morning and returns to the East Bay in the evening.

The AC-Transit dataset, unlike the BART dataset, provides a random sample of ridership
levels by hour for commuter bus routes in the Bay Area. We use only AC-Transit buses routes
that cross the Bay Bridge (the transbay lines). There are transbay AC-Transit buses routes
originating in Berkeley, Castro Valley, El Cerrito, Hayward, Oakland, Richmond, and San
Leandro. All of these routes terminate at the bus terminal in San Francisco. Figure 34 plots
AC passengers per route.

Unlike BART, AC-Transit ridership tends to peak around mid-day. It appears that AC
transit carries fewer traditional commuters. However, when we break down the ridership in
and out of the San Francisco Central Business District (figure 35), there appears to be more

riders leaving the city during the evening commute.

3.2.2.2 Air Pollution and Weather Data Air pollution data comes from the Califor-

nia Environmental Protection Agencys Toxic Air Contaminants (TAC) monitoring network.

8Defined as the area serviced by the Embarcadero, Montgomery Street, Powell Street, and Civic Center
BART stations.
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The Bay Area TAC network consists of 15 non-mobile stations that measure hourly air pol-
lution levels. The location of these TAC monitors is shown in Figure X. The TAC monitors
produce hourly measures of a number of pollutants. We use the measurements of the air

pollutants most produced by vehicles: CO, NOX, and ozone.

We use readings from the four TAC monitors closest to the Bay Bridge to estimate
the effect of congestion pricing on Bay Bridge pollution. One monitor is in San Francisco
(Arkansas Street) and three monitors are in the East Bay in Oakland (West Oakland and
International Blvd.) and Berkeley (6th St.) (see figure 36). We follow EPA data standards
(Auffhammer and Kellogg, 2011) and drop all days for which there are at least 9 missing

observations between 9:00 am and 9:00 pm.

We augment the air pollution data with weather data for the San Francisco Bay Area. It
is essential to include wind, temperature, and precipitation data in air pollution regressions.
We use weather data produced by the National Oceanic and Atmospheric Administrations
(NOAA) National Weather service. We use weather data from the airport nearest the TAC
monitoring station: San Francisco International Airport (SFO) for the San Francisco sta-
tion and Oakland International Airport (OAK) for the East Bay monitoring stations. The
weather data from these airports is extremely reliable and has few missing observations. We

drop missing drop hours for the missing observations from the dataset.

We use hourly measurements of three air pollutants commonly associated with driving:
CO, NOX, and ozone. Average hourly CO measurements from the San Francisco and East
Bay TAC stations are displayed in figure 37. Similarly, the NOX measurements from the
San Francisco and East Bay TAC stations, displayed in figure 38, also peak during morning
rush hour.

Average hourly ozone measurements from the San Francisco and East Bay TAC stations
are displayed in figure 39 Though ozone levels are a function of automobile traffic, they are
determined in large part by temperature. Ozone levels peak when temperatures are the

highest, during the midday.

3.3 Main Results

We first estimate the difference-in-difference models for public transportation ridership
and air pollution levels. We then estimate the regression discontinuity models to estimate

the short-run effects of congestion pricing under different assumptions.
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3.3.1 Difference-in-Difference Models

In table 1, we present the results for a simple a simple regression of hourly public trans-
portation ridership before and after congestion pricing. The first specification simply com-
pares ridership before and after the policy change, and the second specification includes peak
and off-peak dummy variables and interaction terms. The first column gives the estimate
of the effect of congestion pricing on the number of BART riders per hour with no control
variables. The congestion pricing coefficient is positive and statistically significant at the 1
percent level, suggesting a modest policy effect. The second column, which includes control
variables for the peak and off-peak time periods, estimates a slightly larger, statistically
significant, congestion pricing effect. The third column gives estimates of the effect of con-
gestion pricing on AC Transit riders, with no control variables. The estimated effect, about

2 additional riders per hour, remains after adding control variables.

Next, we estimate the full difference-in-difference model for each hour, including day
of week and week fixed effect. In each of these regressions, midnight ridership is used as
the control period. Figure 41 plots the estimate treatment effect by hour for westbound and
eastbound ridership for all transbay Bridge BART trains. As expected, the average treatment
effect on westbound ridership peaks from 8:00 am 9:00 am. The 6.3 rider per hour estimated
increase represents an 8.8 percent rise in overall ridership. The effect on eastbound ridership
is peaks at a somewhat lower level, +4.1 riders per hour, but the statistically significant

effect lasts until 10:00 pm, long after the end of congestion pricing.

Next, we estimate the average the full model by the entry (exit) station for all BART
riders into (out of) San Franciscos Central Business District. Figure 3.1.2 plots the treatment
effect by hour for each station. The largest increases were in stations along the Pittsburgh-
Bay Point and Oakland lines, with many stations averaging increases from 15-30 additional
riders per hour during peak congestion pricing hours. The stations with the smallest increases
were along the Richmond line, where the implementation of congestion pricing did not have

a statistically significant effect on the level of BART riders.

In the full difference-in-difference model, the changes in AC-Transit ridership levels were
not as large as those seen in BART ridership. Figure 43 plots the estimated change in AC-
Transit ridership after the implementation of congestion pricing. The effect on Westbound
AC-Transit routes peaked at 7.9 riders per route during the peak evening hours, whereas
the effect on eastbound traffic was not statistically significant. These results are consistent
with AC-Transit ridership trends (section 2.2.1), where most riders use the system during
midday.

When broken down by route, the largest increases in AC ridership were in routes orig-
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inating in Hayward and Oakland, with 10-15 additional riders on some routes during peak
morning hours and 7-12 addition riders during peak evening hours. The smallest effect was

in the Berkeley routes.

In table 2, we present the estimates from a regression of hourly pollution levels before
and after congestion pricing. For each pollutant we present two regressions: the first only
includes a congestion pricing dummy and the second includes peak and off-peaky dummy
and interaction terms. Though these regressions do not include important determinants of
pollution levels (i.e., temperature and precipitation), these coefficients compare pollution
levels before and after the policy change during peak and off-peak hours. Carbon monoxide
levels fell slightly following the implementation of congestion pricing (columns 1 and 2), while
ozone levels rose (columns 5 and 6). The effect on nitrous oxide level varied by specification
(columns 3 and 4), with a slight increase estimated in the simple specification and a small

decrease estimated when controls are added.

In the following charts, we present estimates for the full difference-in-difference pollution
models. These models estimate the effect of congestion pricing on hourly pollution levels,
including time (day and week fixed effects) and weather fixed effects. The weather control
variables include temperature, wind speed, wind direction, and precipitation. Similar to the
public transportation models, midnight pollution levels are used as the control. The overall
and station level treatment effect estimates for carbon monoxide are presented in figure 46.
Carbon monoxide levels rise during the morning and evening off-peak hours. This result is
consistent with some drivers moving their commutes to off-peak hours. This result is driven
almost entirely by pollution levels in the East Bay, while the change San Francisco pollution

levels are not statistically significant.

The results for the nitrous oxide regressions, plotted in figure 47, are similar to the carbon
monoxide results: large increases during off-peak hours and small, statistically insignificant
decreases during peak hours.

Unlike the other air pollutants, the effect of congestion pricing on ozone levels was neg-
ative and statistically significant during morning peak and off-peak hours (figure 48). The
effect on evening ozone levels was slightly positive and statistically significant during evening

peak hours.

3.3.2 Regression Discontinuity Models

In this section we use a regression discontinuity approach to estimate the short-run effects
of congestion pricing on Bay Area public transportation and air pollution. This allows us to

relax the parallel trends and stable unit treatment value assumptions used in the difference
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in difference models in section 3.3.1. In the regression discontinuity graphs below, we plot
estimate daily averages of the outcome variable of interest along with the fitted values from
a linear regression for the month before and after the policy change. For comparison, we
also include the same plot for the year after congestion pricing was implemented. BART
ridership tends to fall from June to July due to the July 4th holiday. Figure 49 shows the
fall in ridership following the implementation of congestion pricing in 2010 was much smaller
than the drop in the level of riders the following year. One explanation for this declining
effect of congestion pricing could be that the initial response of drivers to congestion pricing

was larger than the long-term effect.

AC-Transit ridership also tends to fall during in early July. But, in 2010, average ridership
was unchanged during the month of July, suggesting a short-run impact on AC-Transit

ridership that diminished over the following year.

The regression discontinuity results show an immediate impact on July ridership, which,
accounting for seasonal trends, is positive. This effect appears to diminish over time. If
the effect of congestion pricing does decline over time, there are important implications for

policymakers.

3.4 Conclusion

Following the implementation of congestion pricing on the San Francisco-Oakland Bay
Bridge, we show that public transportation usage increased and air pollution levels fell. We
use panel data on hourly BART and AC-Transit riders from 2009 through 2011, we examine

the effect of congestion pricing on public transportation usage and air pollution.

Our preferred estimation method is a difference-in-difference model, which uses the mid-
night hour trend to control for unobserved variables. In this model, we estimate that BART
ridership rose 4-8 percent during peak hours, while AC-Transit ridership rose 11-15 per-
cent. Our estimated cross-price elasticities for public transportation, 0.2 for commuter rail
and 0.15 for commuter bus, are slightly below estimates from the transportation economics

literature.

Using a similar approach for Bay Area air pollution levels during the same time period,
we find air pollution levels are flat during peak hours, but rise during off peak hours. This
suggests some drivers are adjusting their commute times to avoid driving during peak hours,
rather than using public transportation. As a robustness check, we use regression discon-
tinuity models to estimate the short-run effects of congestion pricing. These models show

similar, but slightly smaller effects of congestion pricing.
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69



SPR Purchase Shock — Crude Oil Price
0.04

0.03

0.02 e

0.01 Pid

-0.01

-0.02

-0.03

-0.04
0 5 10 15 20 25 30 35 40

‘Weeks

Figure 13: SPR Purchase Impulse Response Function (Mean Oil Market Volatility)
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Figure 32: Hourly Transbay BART Ridership
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Figure 35: Westbound (left) and Eastbound (right) Hourly AC-Transit Ridership
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Figure 36: San Francisco Bay Area TAC Monitor Stations
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Figure 37: Average Hourly CO Levels
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Figure 38: Average Hourly NOX Levels
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Figure 40: Public Transit Ridership Regressions
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Figure 42: Westbound (left) and Eastbound (right) Station-level BART Ridership Estimates
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Figure 43: Westbound (left) and Eastbound (right) AC-Transit Ridership Estimates
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Figure 44: Westbound (left) and Eastbound (right) Route-level AC-Transit Ridership Esti-
mates
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Figure 45: Air Pollution Regressions
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Figure 46: Overall (left) and TAC Station-level (right) CO Estimates
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Figure 47: Overall (left) and TAC Station-level (right) NOX Estimates
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Figure 48: Overall (left) and TAC Station-level (right) Ozone Estimates
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Figure 49: BART Regression Discontinuity Graphs
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Figure 50: AC-Transit Regression Discontinuity Graphs
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| 1983-1989 | 1990-1994 | 1995-2001 | 2002-2008 | 2009-2014

SPR Purchase
SPR Release

-0.02 -0.07 -0.01 0.06 0.00
0.00 0.02 0.06 -0.05 0.1

Table 1: Average Structural Policy Residuals for Subperiods
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