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Flow-Performance Relationship of Hedge Funds Before and After the
Financial Crisis
Lucas Cusimano and Ruby Zhang
The University of Chicago
of the past generation. It is possible that these events have
changed underlying investor behavior in relation to funds, for
example, responses to past returns, fund age, and fund size.
As a best initial guess, we might believe that the financial
crisis increased risk aversion and changed the emphasis
placed on unsubstantiated determinants of return, such as
previous performance. Consequently, we might expect to see
higher capital flows to older, more reputable funds with lower
volatility of returns and diminished influence of past returns
in the post-crisis era.
Berk and Green (2004) lay down the main theoretical underpinnings for our paper. They derive key analytical results
relating returns and subsequent flows and make a number of
predictions. They predict that negative returns should precede
outflows from the fund while positive returns should precede
inflows to the fund. They also predict that investors should be
less sensitive to fund returns on both extremes when the fund
is older because beliefs about managerial ability are relatively
solidified, that there is a geometric drop-off in surviving
funds, that a fee increase relates to reduced sensitivity to
return, and that flows respond more dramatically to extreme
performance on both the high and low ends than to mediocre
performance.
There has also been significant research conducted in evaluating managerial incentives and ability, which peripherally
examine a fund relationship. The most prominent papers
which directly examine flows were generally published in
the early 2000s, with a limited time- period and preceding
the financial crisis of 2008. Agarwal et al. (2004) find that
funds with strong recent performance, higher managerial
incentives, and relatively lower impediments to outflows
experience higher flow of capital. Deuskar et al. (2013) use
data up to 2009, and they find that aggressive increases
in management fees are associated with larger drops in
money inflows. They are concerned with fee changes and
do not consider fund age, and their analysis does not go
beyond 2009. Lim et al. (2013) look at indirect incentives
for managers (performance leading to inflows which lead to
higher fee capture) and find that there is a quick response
to performance and that managers interests are well-aligned
with their investors.
In estimating the relationship between flows and streaks in
performance (consecutive periods of only positive or negative
return), Baquero and Verbeek (2015) break down estimation
into before and during the financial crisis. They find that
there is little predictive power in streaks, and investors tend

Abstract— This paper examines the determinants of U.S.
hedge fund flow before and after the financial crisis using
comprehensive hedge fund panel data. Hedge funds offer a
unique testing ground for hypotheses about investor behavior
due to their limited regulation structure. The financial recession
of 2008 had large impacts on the financial world, and it is
possible that the determinants of capital flows into hedge funds
changed through this period. Investors are the drivers of flows
on the individual, institutional, and governmental levels, and we
find that past returns, past flows, size, and age precede inflows.
Furthermore, we find that indeed the relationship between past
returns, past flow, and size on present flow does change after
the crisis. Past returns and past flow become less predictive of
fund flows whereas there is more inflow to larger funds after
the crisis.

I. I NTRODUCTION
Hedge funds are entrusted with capital from pensions,
governments, and individuals, and they are subject to less
research as compared to mutual funds. By 2017, hedge funds
managed upwards of $3 trillion, making them a substantial
player in financial markets. Thus, hedge funds can serve
as a testing ground for hypotheses about efficient markets,
manager skill, investor behavior, and many other facets of
markets. We examine investor behavior through their capital
allocation response into and out of hedge funds as well as in
relation to the periods preceding and following the financial
crisis of 2008.
The previous literature has examined many facets of funds
in the financial industry. A fund is a vehicle with which
investors pool their capital to collectively purchase securities.
Funds can be studied from the perspective of a manager, that
is to say, finding the determinants of return, indicators of
managerial skill, and managerial responses to incentive structures. The focus of this paper is to analyze investor behavior,
specifically the investor decision to add or withdraw capital
to or from a given fund, as well as investment behavior
preceding and following the 2008 financial crisis. These
considerations lead us to the two main research questions
of this paper:
1) How do fund flows relate to past performance and fund
characteristics, such as fee structure, age, size, etc.?
2) Are the relationships between fund flow and previous
determinants different after the financial crisis due to
investors changing their behavior?
The financial crisis of 2008 and subsequent recession from
the first quarter of 2008 to the end of the second quarter
of 2009 were two of the most significant economic events
5

to overestimate the information garnered from them. Baquero
and Verbeek (2015) is one of the only papers that studies the
effect of hedge fund flows by period relative to the financial
crisis.
Due to the lack of recent data, there is much less literature
that examines how the financial crisis alters investor behavior. Hoffmann et al. (2013) find that investor perceptions
of returns fluctuate significantly during the crisis, though
perceptions recover by the end of the crisis. Overall, they
find that individual investors continue to trade and do not
de-risk their portfolios throughout this period. The finding is
in line with that of Merkle and Weber (2014), who examine
self-directed online UK investors between 2008 and 2010. As
expected, increases in return expectation lead to increased
buying activities and risk-taking. After the financial crisis,
Necker and Ziegelmeyer (2016) and Ampudia and Ehrmann
(2017) examine how households respond. Both papers find
that financial crashes have persistent effects in lowering stock
market participation and willingness to take risks, despite
recovery of the overall market and household wealth.
Our paper studies fund flow determinants using 2,372
funds from the Lipper Hedge Fund Database (TASS) over
a span of two decades, 1994 to 2017. Previous literature
generally uses less than a decade of data. This allows us
to decompose and examine the effects before, during, and
after the financial crisis. Furthermore, we study the impact
of both past performance and fixed fund characteristics
on fund flow using both fixed effects and OLS models.
Fund characteristics include management fees, incentive fees,
lockup and restriction periods, high watermark, fund age,
fund size, volatility, as well as a host of other controls. In
order to check our results, we run robustness tests by taking
cross-sections of the data.
We find that past performance, up to lag-6, has a significant positive impact on fund flow. This result is in accordance
with what is predicted by Berk and Green (2004) and empirically found in other papers. This is potentially an irrational
response on the part of investors, as we perform out-ofsample predictions to find that past performance does not
predict future performance. In addition, we find that the lag3 fund flow has a significant influence on current flow, suggesting the presence of quarterly effects. When disaggregated
into before and after the crisis, we find significant results
of past performance having a stronger influence on fund
flows before the recession. We hypothesize that investors
lose confidence in hedge funds (consistent with literature on
decreased market confidence in general), leading to investors
basing less of their judgment on past performance.
Overall, we find that significantly more flows go to older
funds and that younger funds are more impacted by fund
flow when returns are extreme, which is a theoretical result
predicted by Berk and Green (2004). Though we do not
find significant effects of fee structure, we find that whether
managers invest personal capital into the fund is significant.
Personal investment can be seen as a managerial incentive, so
one interpretation may be that managers work harder when
there is higher personal incentive. We find that size effects are

significantly larger after the financial crisis, suggesting that
investors either place more trust into larger firms that have
survived the crisis, or mostly large, established firms did not
go defunct. The effects of age are no longer significant in
the disaggregated data.
The rest of the paper is organized as follows. Section II
provides background information on the hedge fund industry
and describes the data sample. We present our empirical
models in Section III, which examine the effects of both
past performance and fund characteristics on fund flows.
Our results are stated in Section IV, where we perform an
additional analysis on fund returns in Section V. We discuss
the theoretical implications of the empirical results in Section
VI and conclude in Section VII. All tables and figures can
be found in Appendix A. A robustness check is included in
Appendix B.
II. BACKGROUND AND DATA
A. Institutional Background
Total net capital flows were $6.9 billion in 2017. The
hedge fund industry is large and relatively unregulated, so
it provides a unique testing ground for hypotheses about
investor behavior. We seek to observe the determinants and
predictors of the flows of capital into and out of hedge funds,
especially in relation to the financial crisis. The decision to
invest in or withdraw from funds is made by the investor
in period t given an information set, Ft . Naturally, we want
to include as closely as possible Ft in our model, which is
presumably provided by the hedge fund to current investors
and prospective investors. However, marketing material for
hedge funds is difficult to come by due to regulations put in
place by the federal government (SEC Rule 506c). Clients
are restricted to accredited investors, and funds are banned
from providing marketing material to the general public
(SEC Rule 506d). Accordingly, we assume that mutual fund
marketing materials, which are more stringently regulated
and can thus be marketed to the public, emphasize a similar
information set as hedge funds provide to their investors.
For example, BlackRocks Balanced Capital Fund reports
particular aspects of the fund in its factsheet. It highlights
annualized performance, the size of the fund, the launch date
(age), its holdings, its volatility, and its expenses, as well as
the benchmark for returns, among other factors.
The decision in period t is made by the investor who
evaluates the available information up to this period, such
as the return of the fund, the volatility of returns, previous
flows, the age of the fund, the size of the fund, the level of
fees, and various other fund characteristics.
B. Data
Our primary data source is Wharton Research Data Services (WRDS), which hosts the Lipper Hedge Fund Database
(TASS). Hedge funds voluntarily report to the database.
The raw sample contains data from 4,534 active funds and
15,704 defunct funds as of April 2018. A paper from 2011
estimates that this data set covered approximately 30% of all
hedge funds (Agarwal et al., 2011). This data is aggregated
6

on the monthly level, where the earliest fund dates as far
back as 1974 and the most recent from 2018. We reduce
this sample in a number of ways. First, we only consider
observations between 1994 and 2017, because defunct funds
were only reported in the TASS database after 1994. Thus,
we can account for survivorship bias by including funds that
were closed. Second, we restrict our analysis to US dollardenominated funds and eliminate fund-of- funds, managed
futures, and closed-ended funds, which have different fee
structures and reporting relations with investors. Third, we
drop any funds which failed to report estimated assets under
management for its entire reporting duration. Finally, we
drop funds that do not report incentive or management fees,
as well as funds that report zero incentive and management
fees. We drop all observations where the fund is less than two
years old since the earliest volatility is available only after
24 months. In our analysis, we utilize a total of 191,151
observations with 2,746 funds, of which 374 are active and
2,372 are defunct as of April 2018.
We remove 31 and 74 outliers, which exceed 10 and
0.5 respectively, for the constructed flow variable (refer to
Section II.C) and rate of return. In other words, we removed
observations which exceed 1000% in monthly flows or 50%
in monthly returns.
Since we have an unbalanced panel, we also merge in
data on the S&P 500 stock index, the CBOE VIX volatility
index, and the three month risk-free rate in order to control
for market conditions of every time period. We use the three
month risk-free rates from the St. Louis Federal Reserve
Bank website and auxiliary data on S&P 500 returns from
the Center for Research in Security Prices.
We constructed a categorical variable to classify every
observation as before, during, or after the financial crisis.
The before period consists of all observations that occur between January 1994 and December 2007. The during period
consists of all observations occurring between January 2008
and June 2009. The after period consists of all observations
occurring between July 2009 and December 2017.

D. Descriptive Statistics
Summary statistics of monthly year-end flow, fund rates
of return, and value-weighted S&P returns are presented in
Table 1.
The number of live and defunct funds (as of April 2018)
are presented in Table 2. There are over 1,000 hedge funds
during each period, thus our analysis has a sufficiently
large sample size for every period. Note that the number
of live funds increase as the data approaches April 2018, as
expected.
III. M ETHODOLOGY
There are two main relationships we aim to address in
regards to our dependent variable, fund flow: (i) whether
past performance is positively related to fund flows; and (ii)
whether managerial incentives and fund characteristics, such
as the fee structure, are related to fund flows.
Furthermore, we estimate whether the effects are different
before and after the financial crisis by performing the same
analysis on restricted samples of the data as specified in
Section II.B. Since the first question involves only timevarying firm-specific independent variables of interest, we
use a fixed-effects regression to remove firm-specific effects.
However, the variables of interest in the second question
are constant firm characteristics. Therefore, we perform a
normal OLS regression on the data sample controlling for all
available firm characteristics and investment style dummies.
All standard errors are clustered on the firm level assuming
independence of errors across firms. Due to the highly
unbalanced panel, we control for economic conditions at
each time period using the value-weighted S&P return (spt ),
the CBOE volatility index (vixt ), and the three month riskfree rate (rft ). Note that the market controls are included
to control for economic conditions since investors do not
observe these variables beforehand. It is difficult to produce
a substantial balanced cross-sectional sample for analysis, as
seen in Appendix B.
A. Fund Flow and Past Performance

C. Constructed Measures
Our main dependent variable of interest is fund flow,
which is constructed in literature (Agarwal et al., 2004; Fung
et al., 2008; Baquero et al., 2005) using (estimated) assets
under management (AUM) for fund i at time t:
AU Mit − AU Mit−1 (1 + Rit )
F lowit =
AU Mit−1
where Rit is the rate of return for fund i at time t. We
also aggregate past returns and flows over the last s months,
∗
∗
denoted by an asterisk as Rit−s
and F lowit−s
:

F lowit =β0 +

6
X
s=1

βs Rit−s +

3
X

β + 6 + kF lowit−k

k=1

+ β10 sizeit + β11 log(age)it
+ β1 2log(age)it × Rit−1 + β13 volit−1

+ β14 spt + β1 5vixt + β16 rft + it

where sizeit is log(AU M )it , and σit is the standard deviation of returns in the past 24 months from time t. In order
to control for and test whether younger funds experience
more extreme fund flows based on past performance, we
include log(age)it and its interaction with past performance,
log(age)it × Rit−1 .
We also estimate an alternate specification
P6using ag∗
instead of
gregated lagged variables: Rt−6
s=1 Rit−s ,
P3
∗
F lowt−3
instead of k=1 F lowit−k , and interaction loga∗
rithm of age with Rt−6
. The alternate specification not only

∗
Rit−s
= (1 − Rit−1 )...(1 − Rit−s )

∗
F lowit−s
= (1 − F lowit−1 )...(1 − F lowit−s )

We construct the volatility of returns, σit for each fund i
at time t using the standard deviation of returns in the last
24 months and verify that it is not monotonically increasing
or decreasing over time. The size of the fund is estimated
by the logarithm of (estimated) assets under management.
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serves as a robustness check, but also allows us to utilize an
aggregated proxy for past performance.

well. A 1% increase in aggregate flow over the previous
3 periods tends to precede an increase in current flow of
about 1.3% to 1.4%. The results are robust to 7 different
specifications of including more lagged terms of fund returns,
all of which range between 0.06 and 0.1. However, note that
the overall R2 value remains small, though the within R2
(goodness of fit for firm mean de-trended data) increases
substantially when we include lag-2 and lag-3 returns. Our
baseline estimates suggest that investors make their decisions
based on past performance, which we substantiate with our
full estimated models.

B. Fund Flow and Managerial Incentives
We estimate the relationship between fixed firm characteristics such as fee structure, (managerial) personal capital
investment, high watermark, whether it is onshore, among
other features by running an OLS regression on the sample
data. We still include all time-varying regressors from the
fixed effects model as well as a full set of dummies controlling for the funds legal structure and investment strategy or
portfolio. We estimate the following model:
F lowit =α0 +

6
X

αs Rit−s +

s=1

3
X

B. Determinants of Fund Flow
The estimations of our two main model specifications
(fixed effects and OLS) on the entire data sample are
presented in Tables 4 and 5. The coefficient estimations
of all time dependent regressors, except market controls,
are presented in Table 4, while managerial incentives, fund
characteristics, market controls, and model specifications (i.e.
number of observations, clusters, R2 ) are presented in Table
5. Columns (1) and (3) are OLS and fixed effects regressions
with disaggregated past returns and fund flows. Columns (2)
and (4) are OLS and fixed effects regressions with aggregated
lag-6 returns and aggregated lag-3 fund flows.
Our main specification produced many significant results,
but with low R2 (on the order of 1%). Considering the size
of the dataset used (120,000 observations) and the nature
of financial data, it is unlikely to explain a high degree of
variation. We find that, similar to our baseline estimates,
positive returns strongly precede capital inflows in both the
OLS and fixed-effects specifications. Notably, the returns
are almost monotonically decreasing as we go further back
in time, which might be expected if returns decrease in
relevancy over time as investors are updating their beliefs
about hedge funds in their capital allocation decisions. We
find coefficients similar to our baseline estimates, with lag1 returns producing the most significant effect of 0.15 and
0.17 for the fixed effects and OLS models. The aggregated
lag-6 returns is 0.1 for both models. All past performance
variables are significant at the 1% level.
To test whether investors reacted to extreme past performance more strongly for younger funds (as theoretically
predicted by Berk and Green (2004)), we included an interaction term between age and past returns (both one month
and six month aggregated returns). In all four cases, the
coefficient was significantly negative, which gives credence
to the hypothesis: when returns are very high, then younger
funds would yield higher flows than older funds (all else
being equal). Similarly, when returns are very low, then
younger funds would yield lower flows than older funds (all
else being equal).
The coefficient on log(age)t alone has more mixed results,
but tends to be negative in the four specifications. This result
implies that between two funds with comparable previous
returns, previous flows, size, volatility, and so forth, a fund
that is 1% older will experience outflows of about 1.5% over
the younger fund. It is important to note that the effect of

α6+k F lowit−k

k=1

+ α10 sizeit + α11 log(age)it
+ α12 log(age)it × Rit−1 + α13 volit−1
+ α14 inci + α15 mani + α16 hwmi

+ α17 pci + α18 log(mininv)i + α19 otpi
+ α20 levi + α21 onshorei + α22 spt
n
X
θj 1strategyij + it
+ α23 vixt + α24 rft +
j=1

where inci is the incentive fee, mani is the management
fee, hwmi is high watermark, pci is whether the manager
invests personal capital, log(mininv)i is logarithm of minimum investment, otpi is whether the fund is open to the
public, levi is whether the fund uses leverage,
Pnand onshorei
is whether the fund is located in the U.S. j=1 1strategyij
are controls for the legal structure and various investment
portfolio make-up of fund i.
Similar to the fixed effects model, we also estimate the
∗
relationship using aggregated lagged variables: Rt−6
instead
P6
P3
∗
of s=1 Rit−s , F lowt−3 instead of k=1 F lowit−k , and
∗
interaction logarithm of age with Rt−6
.
IV. R ESULTS
A. Baseline Estimates
Prior to estimating our two main models specified in 3.1
and 3.2, we estimate a fixed effects model regressing only
∗
on lagged returns and the aggregate lag-3 flow, F lowi,t−3
(which we found to best fit the autocorrelation model of
flow), as a baseline model. Without any other controls, we
find that the previous returns and aggregate flow over the
last three months are strongly predictive of flows, indicating
that investors may be using past returns in their investment
decisions. In all specifications reported in Table 3, previous
returns significantly predict fund flows. Specifically, positive
returns precede inflows. The one-period lag return tends to
stay between 0.1 and 0.83 with a standard error of 0.010,
so with an increase of 1% in one month past return, we
would expect flow to increase by approximately 10%. This
change is quite substantial if we recall that the average flow
(Table 1) is around -1%. Similarly, funds that have been
performing well in the past seem to continue to perform
8

age alone is not significant in the fixed effects specification,
implying that the slight negative effect is not robust.
We also find that aggregated flow is significant, while
individual period flows are not as significant except for lag3. It is possible there is some quarterly momentum effect
here, where funds that receive inflows in the past continue
to receive inflows (and vice versa for outflows). Past flow is
included to control for autocorrelation, which we found to
be present.
For size, log(AU M ), coefficients are positive and significant. Increasing a funds assets by 1% tends to increase
inflows by 0.4%. Since fund size increases with higher
investor flow, the result corroborates with the hypothesis
that investors consider past performance and subsequently
momentum. The volatility of returns was not generally
significant, but was positive across the board. This might
imply that increased volatility tends to precede inflows. One
rationalization could be that higher volatility and risk-taking
imply higher expected return, leading to inflows of investor
capital.
In terms of managerial incentives, we did not find strongly
significant results. Contrary to results found in previous
literature, we did not find significant relationships between
the fee structure and fund flows. Personal capital is positive
at 0.002 and significant at the 10% level, indicating that funds
where the manager has invested his or her own capital tend to
have higher inflows of about 0.2%. One possible mechanism
is personal capital providing incentives for marketing efforts
or increased trust in managers from investors.

confirm our initial observations, rejecting the null hypothesis
of equality in the first and second case and failing to
reject in the last case. We find p-values of 0.042∗ , 0.014∗∗ ,
and 0.999, respectively. In fact, the one-sided test that the
coefficient on fund size sizet before the financial crisis is
larger than or equal to the coefficient after the financial crisis
is 0.001∗∗∗ . (We perform similar two-sided and one-sided
∗
tests for the coefficients on log(age)t and log(age) × Rt−6
,
but find insignificant p-values, which is expected due to large
standard errors.) Therefore, past performance and fund flows
becomes significantly less predictive of current fund flow
after the recession, while the effect of fund size preceding
fund flow is heightened after the recession.
V. P REDICTABILITY OF R ETURNS USING PAST R ETURNS
Given the reduced coefficients on previous returns after the
crisis, we check whether this is the result of a genuine diminished predictability of future returns based on past returns.
In an efficient market with no arbitrage, past performance
should not be indicative of future performance, suggesting
misplaced investor expectations. If previous returns used to
provide information on returns before the crisis but no longer
do so after the crisis, then we could assign the change in
coefficients to a rational change in expectations. Due to the
large availability of data, we are able to break our data
into training and test sets for before and after the crisis.
The training set for the before period is from January 1994
to December 2005 (approximately 80% of the pre-crisis
observations). The test set for the before period is January
2006 to December 2007. The training set for the after period
begins in June 2009 and ends in the December 2015 (again,
approximately 80% of the post-crisis observations). The test
set runs from January 2016 to December 2017. We train an
AR(12) model for rate of return, which takes the following
form:

C. Impact of Financial Crisis on Determinants of Fund Flow
Table 6 presents our cross-sectional estimations from the
fixed effects and OLS models when using aggregated lag6 returns and lag-3 flows. We split the sample into before
(01/1994 to 12/2007), during (01/2008 to 06/2009), and after
(07/2009 to 12/2017) the financial crisis.
We find that the coefficient on aggregated lag-6 returns
changes across the three time periods. Before the financial
crisis, we see that the coefficients are significantly positive
and about 0.1. On the other hand, after the crisis, the estimates are much closer to zero, about 0.04 (in fact, the OLS
estimate is no longer significant and the fixed effects estimate
is only significant at the 10% level). Similarly for lag-3 flows,
we see differences in coefficients. It appears that before
the crisis, previous flows were predictive of present flows
but this is no longer the case after the crisis. On the other
hand, it appears that the effect of fund size has significantly
increased in magnitude after the crisis. The effect of log(age)
interacted with past returns, although still negative, is no
longer significant. There are also no significant effects for
managerial incentives and fund characteristics when splitting
the sample cross-sectionally.
We perform a Chow test with the null hypothesis that the
coefficient after the financial crisis is larger than or equal
to the coefficient before the financial crisis on the aggregate
∗
∗
lag-6 returns Rt−6
, the aggregate lag-3 flow F lowt−3
, and
the fund size sizet . The results of the hypothesis tests

Rt =β1 Rt−1 + β2 Rt−2 + β3 Rt−3 + β4 Rt−4
+ β5 Rt−5 + β6 Rt−6 + β7 Rt−7 + β8 Rt−8
+ β9 Rt−9 + β10 Rt−10 + β11 Rt−11 + β12 Rt−12 + 
Performing a Chow test on the estimated coefficients in
Table 7, we reject the two-sided test of equality before and
after the crisis. We reject the one-sided test that Rt−1 , Rt−4 ,
Rt−6 , Rt−7 , Rt−8 , Rt−10 , and Rt−11 is greater after the
crisis, and fail to reject for Rt−2 , Rt−3 , Rt−5 , and Rt−12 .
We can see that in general, the R2 for this prediction task is
small, on the order of 2% (even when we have cut down each
training set substantially from the specifications reported
previously). Moreover, it does not appear that there is any
systematic pattern or intuitive economic explanation for a
positive or negative coefficient on any given return, implying
that there may not be convincing predictive power. At least
with a linear specification, past returns do not seem to explain
the variation in present returns.
We also run an additional specification that includes an
aggregate return over the past year and the results are
9

approximately identical. Moreover, controlling for present
market conditions (S&P 500, VIX, and three month risk-free
rate) does not significantly alter results.
After training this model, we take the test set and run
our predictions, and plot the predictions against the observed
results. We also calculate the correlation between predicted
and actual results. As can be seen in Figure 1 and 2, there is
no visually discernible trend, but the correlation is positive.
Specifically, the correlation before the crisis is about double
the correlation after (0.063 in the former and 0.033 in the
latter). This might give some credence to the claim that
returns were more predictable before the crisis than after.
Indeed, we see that past returns are given much less weight
during the crisis. However, the predictive power is still
extremely weak, and so we doubt whether the information
is reliable enough to constitute reliable prediction.

flow, also significantly precedes fund flow. All significant
results are consistent with investor emphasis on historical
performance in capital allocation decisions.
B. Recession of 2008
We break our dataset into three periods, before the recession (Jan 1994 to Dec 2007), during the recession (Jan
2008 to Jun 2009), and after the recession (Jul 2009 to
Dec 2017). Our goal is to examine if any relationships have
changed over this time frame. From the coefficient estimates
and hypothesis tests, it seems that past returns were less
predictive of flows after the crisis. This finding implies that
investors may have felt burned after the crisis and indicators
that gave them confidence to allocate capital to certain funds
(such as past returns) no longer applied post-crisis. Moreover,
the momentum effect of past flows on present flows also
seems to have been attenuated after the crisis, which might
indicate that investors are less keen to follow the herd and
invest as others invest. The empirical results are consistent
with household confidence after the crisis in Ampudia and
Ehrmann (2017) and Necker and Ziegelmeyer (2016).
However, the effect is the opposite for size as the coefficient on size is significantly larger post- crisis. Presumably,
larger funds are more able to weather major crises (along
with other potential reasons to be attractive to investors,
such as economies of scale), which investors may view as
a predictor of stability. After the crisis, investors may seek
stability and more conservative investments.

VI. D ISCUSSION
To contextualize our results, we consider the estimates
from other literature to compare against our own estimates.
Agarwal et al. (2011) estimates that the coefficient on previous flows is approx- imately 0.052. Deuskar et al. (2013)
estimate the coefficient on log of age to be -0.69, log of fund
assets to be -0.106, return to be 1.161, and return volatility
to be -0.196. Notably, our estimates are generally the same
sign. One of the larger differences comes from return, where
the magnitude reported by Deuskar et al. is much larger. This
might be explained by the fact that we include many more
periods of return as well as an aggregated return.

VII. C ONCLUSION

A. Original Specification

In this paper, we use a comprehensive hedge fund database
with over 2,700 funds to investigate the determinants of
hedge fund flows and examine their relationships before and
after the financial crisis of 2008. In general, past returns,
past flows, size, age, and personal capital are significant in
determining capital allocation in the hedge fund industry.
In addition, there is a significant effect of stronger investor
responses to past performance for younger funds. Our finding
supports past literature that investors chase past performance
despite demonstrating that past performance does not predict future performance. However, we demonstrate that the
relationship between past returns, past flows, size and hedge
fund flow change before and after the crisis. Past returns
and past flows both see attenuation in their weights with
respect to flow whereas size becomes significantly larger.
We interpret this result as investors losing trust in past
performance (which is consistent with literature), avoiding
a herd mentality by investing in funds that have experienced
significant previous inflows, and taking more conservative
investments by investing in larger funds that have survived
the crisis.
Future research can attempt to test some of our conjectures
about trust placed in older and larger funds. It is also possible
to extend analysis to other countries hedge funds and see
if the same relationships hold. Overall, our results deepen
insights into capital allocation in lesser-regulated financial

Our original specification indicates that investors seem to
value past returns as a guide for their capital allocation,
believing that firms with a record of strong past returns are
good investments. In finance, it is a recurring phrase that
“past performance does not guarantee future results. This
is supported by our analysis in Section V, where we found
little predictive power of past returns on future returns using
an out-of-sample estimation. Even though it appears that investors may be putting less weight on previous returns based
on the regression coefficients before and after the crisis, the
magnitude of the correlation between predicted and actual
results are negligible in both scenarios. A linear specification
over the last twelve months cannot predict the returns in the
next period, before or after the crisis. Nevertheless, investors
seem to put a great deal of weight on past returns despite
their limited predictive power. In terms of gaining insight
about investor psychology, accredited investors still might
tend to succumb to some sort of “hot-hand” fallacy even
with warnings.
In addition, we find that a weak but significant effect that
extreme returns impact younger funds more than older funds.
This is consistent with the results of Berk and Green (2004).
We also find weak evidence that investing personal capital
precedes fund flow, which may act through a performance
improvement channel due to the incentive provided to the
manager. The size of the fund, which is increased by more
10

institutions, and provide an empirical perspective of investor
behavior in relation to the financial crisis.
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Fig. 1.

Fig. 2.

Out-of-Sample Predictions on Rate of Return (Before the Financial Crisis)

Out-of-Sample Predictions on Rate of Return (After the Financial Crisis)
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A PPENDIX B: C ROSS -S ECTIONAL T IME -F IXED E FFECTS
In order to account for time-fixed effects, we try to build a balanced panel by taking three cross- sections of our data
with the highest number of funds: 2005 to 2007, 2008 to 2009, and 2010 and 2012. We drop all funds that do not report
monthly for the entire cross-section and run the model in Section III.A but without market controls and using monthly
time dummies. Unfortunately, due to the highly unbalanced nature of our panel data, each cross-section only has 45 to 70
funds and approximately 1,500 observations. The elimination of massive amounts of data makes the cross-section results
unreliable.
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The Effect of Global Crude Oil Prices on Malaysia’s GDP and Trade
Kah Heng Lua
University of Manchester

through international trade? And to what extent do shocks
to oil prices affect Malaysia’s economy? My study revolves
around estimating a VAR model using Malaysian GDP, trade
data and global crude oil prices to determine the nature of
the relationships between crude oil prices and GDP as well
as trade. Impulse response functions will then be simulated
to determine the effects of oil price shocks on said variables.

Abstract— This study employs a time-series approach to
determine the effects of changes in the global West Texas
Intermediate and Dubai Fateh crude oil price benchmarks on
Malaysia’s GDP and trade. The results indicate that effects from
developments in global crude oil prices exist only in the shortrun. Using a VAR model, I found that both crude oil prices
lagged 1 quarter backwards have a positive relationship with
Malaysia’s GDP and trade variables. My models also suggest
that the West Texas Intermediate (WTI) price benchmark has a
substantially higher effect on Malaysia’s GDP compared to the
Dubai Fateh (DF) price benchmark. The results of the impulse
response functions also show that Malaysia’s GDP and most
trade variables respond positively to innovations in oil price
changes within 1 quarter.

II. L ITERATURE R EVIEW
In the past there has been much research done on the
effects of crude oil prices on both Malaysia and the global
economy. Darby (1982) set out to investigate how the increase in oil prices during 1973 and 1974 contributed to
the recession and inflation of the United States at the time.
He conducted econometric simulation tests to determine the
effects of the oil price increase in 1973 and 1974 on the real
income and price levels of 8 countries. While his research
did in fact yield some limited support for the hypothesis that
changes in oil prices have a statistically significant effect on
real income and price levels, overall his results were mixed as
noted by Darby himself, who cited data and methodological
limitations as one of the contributing factors.
Hamilton’s various works on the effect of oil price on
output are considered to be among the most influential
studies within the field. Referencing how 7 out of the 8
post-war recessions in the US have followed major increases
in crude oil prices (Hamilton, 1983), he argued that there
exists a systematic relationship between crude oil prices and
national output. Performing his analysis in the context of
Sims’ (1980) models that provide an approximation of the
economy, he found evidence that slumps in GNP growth tend
to occur after increases in oil prices from 1948-1972. He also
demonstrated that these reductions in growth could not be
adequately explained nor predicted by Sim’s macroeconomic
framework. In a later study (1985), Hamilton focused his
research on global oil price shocks resulting from events
exogenous to the United States, and demonstrated how they
provided further support for a causal relationship between
oil prices and national output. He predicted that the political
instability in the Middle East would cause yet another US
recession through oil price shocks. Later on (1996), he
showed how the oil price shock due to the invasion of Kuwait
by Iraq preceded yet another recession in the United States.
He cited this as further evidence for his prior argument, and
renewed the prediction he made in 1985.
Huang et al. (2005) investigated how oil price changes
and volatility affected the economy of the United States,

I. I NTRODUCTION
Malaysia has long been a major player in the global
crude oil market. Despite being a small, developing country
tucked away in a corner of Southeast Asia, it has historically
been one of the biggest producers of crude oil in Southeast
Asia alongside Indonesia, and crude oil trade remains a
cornerstone for Malaysia’s economy. Even though Malaysia
is a major exporter of crude oil, it also imports oil from
other countries with receipts from exports historically far
outweighing expenditure on imports thus making Malaysia
a net-oil exporting country.
As a major oil-exporting country, the price of crude oil
has always been of great interest to Malaysia, with income
from crude oil exports constituting a significant portion of
Malaysia’s GDP. Jalil et al. (2009) pointed out that the price
of crude oil has been rapidly increasing since the turn of the
century up until 2008, citing factors such as political instability in oil-producing countries and the emergence of countries
like China and India as oil-devouring industrial powerhouses.
Oil prices have been subject to shocks of varying magnitudes
over the years, most notably experiencing alarming plunges
during 2008 and 2014. Furthermore, uncertainty in energy
markets have understandably been a concern for countries all
around the world, as sudden changes in the price of crude oil
can have resounding ripple-effects on the global economy. As
a result, shocks to global oil prices are significant phenomena
in the global economy and are part of the motivation for this
paper.
Given how Malaysia is a net-oil exporter, one might
imagine increases to crude oil prices would provide a boon
to the Malaysian economy. However, does this intuitive line
of thinking hold true in reality? Would Malaysia’s economy
simply respond positively to increases in crude oil prices, or
would it still be affected by an overall contractionary effect
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Canada and Japan. They concluded that while both oil price
changes and volatility have a statistically significant effect
on various economic activities, generally oil price changes
displayed more explanatory power than oil price volatility. In
Spain, a study by Cunado and Gracia (2003) on 15 European
countries found that oil price shocks significantly impacted
economic activity only in the short run, with no evidence of a
long-run effect. They also found that measuring oil prices in
a country’s national currency leads to different conclusions
in some cases. As my data for oil prices are in Malaysia’s
national currency, this finding is of interest to me as it
suggests that exchange rates do play a role in the relationship
between oil prices and GDP. In their later study of the
oil price-macroeconomy relationship for 6 Asian countries
including Malaysia (Cunado and Gracia, 2005), they found
similar results to their previous paper. However, their results
showed that the oil price-macroeconomic relationship is
less significant for Malaysia than the other countries in the
sample, a finding they attributed to the fact that Malaysia is
the only oil-exporting country in the sample.
The relationship between oil price increases and economy
of net oil-exporting countries has long been thought intuitively to be a positive one, with export receipts of such countries generally having a positive relationship with changes
in crude oil prices (Foo, 2015). However, it is plausible
that an oil-exporting country would be adversely affected by
increases in oil prices through the decline of overall exports
(Abeysinghe, 2001). Similarly, a net oil-importing country
that exports predominantly to net-oil exporting countries
could see a potential increase in export receipts following
an increase in crude oil prices. Abeysinghe’s study revealed
that even major oil-exporting countries like Malaysia and
Indonesia were affected negatively in the long-run by a 50%
increase in oil price, as these indirect effects transmitted
through their trading partners eventually outweigh the increase in crude oil export receipts in the long-run. This is
an interesting phenomenon, and one which I will be taking
into account in my research.
There have been multiple studies on the relationship
between oil prices and Malaysia’s economy. Yusoff and Latif
(2013) studied the effects of changes in global crude oil
prices on Malaysia’s real GDP and found that increases in
oil prices contributed positively to Malaysia’s GDP. Similar
results were seen in Mohammad Mantai and Alom’s (2016)
study, where changes in the Dubai Fateh benchmark price
were found to affect Malaysia’s GDP growth positively.
Shaari et al. (2012) studied how oil price shocks affected
inflation in Malaysia. They concluded that in the short-run,
changes to world oil prices granger-causes changes in inflation. In a later paper, Shaari et al. (2013) conducted a study
of the effects of oil price shocks on Malaysia’s agricultural,
construction, manufacturing and transportation sectors. They
found evidence of long term effects of oil prices on all 4
sectors, and that the agricultural and construction sectors
were adversely affected in the short term. Their results were
similar to Peterson’s (1994) study on the Texas economy.
In his study Peterson concluded that changes in oil prices

contributed to the volatility of the construction sector in
Texas.
Ali Ahmed and Wadud (2011) focused their research on
the impact of oil price uncertainty rather than merely oil
price changes. They found that positive shocks to oil price
uncertainty causes a decrease in Malaysia’s CPI levels. They
also found that positive shocks to oil price volatility had an
adverse effect lasting 3 years on Malaysia’s industrial production. These results were consistent with Ferderer’s (1996)
who found that oil price volatility had a more pronounced
effect on the growth rate of US industrial production. Ferderer also concluded that monetary policy responses to oil
price increases could only partially explain the correlation
between oil prices and output.
Thus far it is clear that similar studies in existing literature
yield mostly consistent results. However, the following papers demonstrate that the relationship between oil prices and
Malaysia’s GDP growth might differ from that postulated by
the above papers when government subsidies are taken into
account.
While studying the effect of oil shocks on Malaysia’s
GDP growth, Yip et al. (2009) theorized that government
oil subsidies had an effect on Malaysia’s crude oil-GDP
relationship. They also pointed out the presence of significant
asymmetry in the relationship between oil price changes
and Malaysia’s GDP growth. These findings were also highlighted and accounted for in Jalil et al.’s paper (2009). In their
paper, other than using global crude oil prices, diesel price in
Malaysia was used as a proxy for local oil prices to account
for subsidies by the Malaysian government. They found that
only local diesel prices displayed a statistically significant
causality relationship on GDP in the short-run, a result that
contradicts many prior studies as their results implied global
oil prices do not have any short-run causality relationship
with Malaysia GDP growth. This suggests that the Malaysian
government’s subsidies have a profound impact on the relationship between crude oil prices and Malaysia’s economy.
A review of the past studies surrounding this subject matter revealed that none have accounted for the possibility of
different oil benchmarks leading to different results. Hence,
my research hopes to contribute to the existing wealth of
literature around this subject matter by including 2 different
benchmarks of crude oil prices to investigate the difference
in how both benchmarks affect Malaysia’s GDP and trade.
III. DATA
I use data on Malaysia’s nominal GDP, crude oil prices,
value of crude oil trade (exports and imports) and value of
all other trade.1 The time range of the data used will be from
the first quarter of 1998 to the second quarter of 2017 which
spans the time period covered in this study. All data will be
adjusted for inflation relative to Malaysia’s inflation by using
the Malaysian CPI with 2010 as the base year. All data will
be log-transformed, and all monetary data will be expressed
in Malaysia’s local currency the Malaysian Ringgit (RM). As
1 See
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Appendix A.

the GDP data available is in quarterly form, I will be taking
quarterly averages of all monthly data to remain consistent
with the GDP variable.
My study includes 2 different benchmarks for crude oil
prices: The West Texas Intermediate (WTI) benchmark and
the Dubai Fateh (DF) benchmark. The reason for using 2
different prices unlike previous studies is because there were
some inconsistencies in certain results within past literature,
which I suspect could be due to the usage of different
benchmarks for crude oil prices. The WTI and DF prices
were specifically chosen because they were both used in
papers whose results proved contradictory. Also, given how
DF is more relevant for Asian and Pacific countries (Mantai
and Alom, 2013) and how WTI is used as a North American
price benchmark, including both would allow me to examine
whether the oil prices of both regions affect Malaysia’s GDP
differently by performing the same econometric analysis
separately for both prices to determine if they lead to
different conclusions.
This study uses the monthly value of crude oil exports/imports rather than number for crude oil barrels exported/imported due to a lack of available data for Malaysia’s
crude oil trade in barrels. Nevertheless, the value of crude oil
exports would be a suitable proxy as it still captures the effect
of crude oil trade. However, one issue to note is due to the
fact that Malaysia’s national oil and gas company, Petronas
uses a custom pricing benchmark for crude oil trade, the
values of crude oil exports (barrels of oil exported*price)
in the data are not strictly due to either the WTI or DF
benchmarks used in my paper. While it would not affect
the results of the study, I must highlight that both price
benchmarks are used here as a representation of crude oil
prices in the market, and not because they were necessarily
involved in pricing Malaysia’s crude oil exports as it is likely
that they are not.
The monthly values of all Malaysian exports and imports
excluding crude oil are included as 2 separate variables. The
value of all other trade was obtained by simply deducting
the value of crude oil trade from total trade for each month.
I included this data as I can determine if oil price increases
would cause Malaysia to suffer in the long-run from any
negative spill-over effects transmitted through it’s trading
partners that were adversely affected by the shock.

effects from Malaysia’s trading partners. Two separate VAR
models will be estimated for the WTI and DF price variables
respectively.
The VAR model used is represented as below:
yt = α +

P
X

φm yt−m + t

(1)

m=1

where yt is a 6 x 1 vector of the 6 variables included in
the study at time t, α represents the 6 x 1 vector of constant
terms, φP is the 6 x 6 matrix of regression coefficients, and
t is the 6 x 1 vector of error terms. P is the VAR order or
number of lags included.
B. Information Criterion
The Akaike Information Criterion (AIC) is used to determine the appropriate lag length of the VAR model, as
using the alternative Schwartz Information Criterion (SIC)
runs the risk of leaving serial correlation in the residuals. As
time-series analysis will be performed on the model, the risk
of leaving serial correlation far outweighs the risk of overspecifying the model which is a flaw of the AIC (Ivanov and
Killian, 2005). The AIC is a way of determining the relative
quality of a statistical model by estimating the information
loss in the model, thus the model that minimises the AIC
value is optimal. The AIC formula is as shown below:
AIC(P ) = log|Σ̂| +

2k(kP + 1)
T∗

(2)

Where Σ̂ represents the positive-definite contemporaneous
covariance matrix of the VAR model, k represents the
number of variables in the VAR, P is the corresponding
VAR order and T ∗ is the number of observations used to
estimate the VAR (P+1, P+2, ...,T).
C. Lagrange Multiplier test
A Lagrange Multiplier (LM) test is performed on the
suggested model to confirm the absence of serial correlation within the residuals. The LM test for VAR models is
performed by first estimating a VAR(P) model and then
estimating another model using the residuals et as shown:

IV. M ETHODOLOGY
A. VAR Specification
A VAR model is estimated with the following 6 variables:
GDP, crude oil price, value of crude oil exports and imports,
and value of all other exports and imports. Using a VAR
model is consistent with the methods used in most existing
studies, and it is highly preferred to other methods as it
accounts for the interrelationships between all the included
variables (Chowla et al., 2014). Using a VAR model allows
the simulation of an impulse response function to study the
effects of a shock to oil prices at varying lags on Malaysia’s
GDP. Also, similarly to Abeysinghe’s paper (2001), it will
also allow me to examine any future contractionary spill-over

yt = α + φ1 yt−1 + ... + φP yt−P
+ ψ1 et−1 + ... + ψm et−m + t

(3)

The null hypothesis of the test will be a joint test of
H0 : ψ1 = ... = ψm = 0 and it will be tested against the
alternative hypothesis of HA : At least one of ψj 6= 0 for j =
1, ..., m. If the null hypothesis is rejected, it means at that
level of significance at least one of the tested residuals has
statistically significant non-zero correlation with yt which
indicates the presence of serial correlation.
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D. Unit Root Tests

V. DATA AND M ODEL S PECIFICATION
A. Unit Root Tests

A crucial requirement of the methodology used in this
paper is that the data used must be stationary. Thus before
estimating a VAR model I employ an Augmented DickeyFuller (ADF) test to determine the presence of unit roots in
each data series used in my study. The presence of a unit
root implies that the series is non-stationary and that timeseries analysis cannot be performed. Thus first-differencing
is performed on any series that has a unit root in an attempt
to obtain a stationary series. The ADF representation and
regression test procedure is shown below:
yt = ψ1 yt−1 + ψ2 yt−2 + ... + ψp yt−p + t
4yt = α0 + α1 t + γyt−1 + ψi∗

p−1
X
i=1

4yt−i + t

Figure 1 displays the results of the ADF test as performed on all logged variables in both their level and firstdifferenced (FD) terms. The test output indicates that other
than the logged oil import variable, the data series of all
other variables are all I(1) series. Curiously, the logged
oil import variable is I(0) at a 1% significance level. First
differencing is hence performed on all variables including
the LNOILIMPORT variable to retain consistency within
the model. Figure 2 displays the results of the test after
first-differencing is performed, where the FD versions of
all variables can be classified as I(0) series. Thus only the
FD variables are used when estimating the VAR model,
meaning the coefficients of the VAR model used will be
interpreted as how a unit change in the log difference of the
independent variable affects the change in the log difference
of the dependent variable.2

(4)
(5)

The presence of unit roots is tested with the hypotheses:
H0 = γ = 0 , HA = γ < 0. If the null hypothesis fails to be
rejected, the series is integrated of order 1 which implies the
presence of a unit root and is non-stationary at that level of
significance. If the null hypothesis is rejected, the series is
integrated of order 0 and thus has no unit roots.

Fig. 1

E. Impulse Response Function
An impulse response function is simulated to study the
effects of a shock with the magnitude of 1 standard deviation
to crude oil prices on the future values of all other variables
in the VAR model used. Before simulating an impulse
response function, I note that there may be contemporaneous
non-zero relationships between the shocks across variables.
This would invalidate the results of the simulation since any
shocks to a variable at time t could potentially contain effects
of shocks to other variables due to their correlation within the
same time period (Jalil et al., 2009). Thus I transform the
existing VAR system into an orthogonalised VAR through
the use of a Cholesky decomposition which involves premultiplying the VAR model by a matrix of constants C to obtain a diagonal matrix with contemporaneously uncorrelated
error terms. The resulting orthogonalised system is shown
below:
Yt = α ∗ +

P
X

δyt−m + ut

Fig. 2

B. Information Criterion

(6)

To decide on the appropriate lag length of the VAR models
used, the respective information criterion from lags 0 to 8
are displayed in Figure 3 below.
The AIC strongly suggests a VAR(10) model as the AIC
is minimised at lag 10 for both WTI and DF models, with
the huge disparity between the AIC values of lag 10 and all
other lags suggesting a VAR(10) model could capture effects
that are highly relevant. However, using a VAR(10) model
would mean an LM test cannot be performed to test for
serial correlation due to the small sample size. Given how

m=1

where Yt = Cyt , α∗ = Cα, δ = Cφs where s=(1,2,...,P)
and ut = Ct . Unlike model (1) where E(t 0t ) = Σ, the error
vector ut in model (6) has the property of E(ut u’t ) = Σu
diagonal.
Furthermore, the ordering of variables in the VAR is
important as different orderings of variables would result in
different impulse responses calculated. In an orthogonalised
system the most exogenous variables are placed first as the
variables ordered higher are assumed to be unaffected by
those ordered below. Using economic intuition, I place them
in the order of: (i) crude oil price, (ii) value of crude oil
exports, (iii) value of other exports, (iv) GDP.

2 * denotes 10% significance, ** denotes 5%, and *** denotes 1%. Values
in [ ] brackets denote optimal lag length automatically determined through
SIC for ADF test.

23

Fig. 3
(b) DF model

(a) WTI model

Given the high order of autoregression used, the SC at
lags 5 and 8 in both models are likely not due to the AR
terms in the model. Hence I theorize that they could possibly
be removed by adding a moving average (MA) term in
the corresponding lags, resulting in a VARMA (8,5) model.
However, a VARMA representation cannot be calculated as
efforts to invert the VAR model result in a singular matrix,
likely due to the small sample size used. Also, it is possible
that using a VAR(10) model removes the SC found in lag
10. However, this cannot be confirmed as an LM test cannot
be performed on a VAR(10) model due to an insufficient
number of observations. Therefore, since there is no way
to circumvent the SC problem it will be considered as a
limitation of this study. I will proceed with using both
VAR(8) models, and the possible existence of significant bias
should be noted when interpreting the results of the VAR
model.
However, I argue that the results of the LM test do not
directly damage the results of the study. Since a 5% level
of significance is usually the benchmark which econometric
studies judge significance, the lag 5 and 8 SCs would by
these standards be neglected. Although it is noted how close
the significance of the SC in lag 5 is to the 5% level, implying
a stronger possibility of significant bias compared to the lag
8 SC in the DF model. Furthermore, for all 3 residuals that
display SC, it is highly unlikely that residuals from more
than a year prior would have any significant economic effect
on Malaysia’s GDP or trade. Hence while the SC in lag 10
of the WTI model is significant at the 5% level, I argue that
it will not significantly affect any crude oil relationship.

crucial an LM test is to a time-series study, I decide to use
a VAR(8) model instead as it is the model that minimises
the AIC values among all the models where an LM test can
be suitably performed. Although intuitively it might seem
unlikely that crude oil price changes from 2 years prior ( 8
lagged periods ) can have any significant effect on Malaysia’s
GDP or trade, the disparity between AIC values reported for
lag 8 and other lags, while much smaller compared to if a
VAR(10) model is used, is still relatively large suggesting
that the information loss resulting from a lower order VAR
model should not be neglected. Hence while estimating a
VAR(8) model will likely result in many non-significant
variables, it is only a minor drawback. Thus for both price
variables a VAR(8) model is estimated and used in the study.3
C. Lagrange Multiplier Test
Figure 4 shows the results for the LM test as performed
on the proposed VAR(8) model for both the WTI and DF
price variables.
The LM test output indicates the presence of statistically
significant serial correlation in the residuals (SC) for both
models when 10 lags are tested. When a VAR(8) model is
estimated using the WTI price variable, there is SC within the
residuals of lag 10 that is significant almost at the 1% level.
The test also indicates the presence of SC within the residuals
of lag 5 that almost reaches a 5% level of significance. This
implies that it is possible that any results obtained using this
model are subject to bias and might not accurately reflect
the true underlying processes through time. The test shows
there is less SC found within the residuals of the DF model,
with only the residual at lag 8 showing significant SC barely
at the 10% level.

VI. R ESULTS
A. VAR
It is important to note that due to first-differencing the
coefficients for both models should be interpreted as how a

3*

values are selected by AIC and underlined values are for lags
eventually selected.
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Fig. 4
(b) DF model

(a) WTI model

unit change in the log difference of the independent variable
affects the change in the log difference of the dependent
variable.
(logyt − logyt−1 ) = β(logxt − logxt−1 )

correlation between the changes in WTI prices from one
quarter prior and GDP. Exponentiating the coefficient yields
a value of 1.215, implying that the changes in GDP due to
changes in WTI oil prices is smaller in relative magnitude
compared to the change in oil prices. Specifically, when the
ratio between WTI price in time t and time t-1 increases
multiplicatively by e1 (∼ 2.718), the ratio between GDP in
time t and time t-1 increases multiplicatively by 1.215 which
is approximately half the magnitude of the increase in oil
prices. This is not unexpected, there should be a notable
disparity between the relative magnitudes of both increases
as GDP is affected by many other factors.
The coefficient for DWTIPRICE on DOILEXPORT in lag
1 is 0.737, significant at the 5% level and is higher than the
coefficient on GDP. As Malaysia is an oil-exporting country
one would expect this coefficient to be the highest among
all the variables tested. The ratio between oil exports in
2 adjacent time periods increases by a multiple of 2.089
in response to a similar increase of e1 in WTI price ratio.
The coefficient reported is lower than expected from a major
oil-exporter. This might be because Malaysia uses a custom
pricing mechanism rather than international benchmarks like
WTI when pricing most of it’s crude oil exports, due to
the fact that crude oil produced in Malaysia tend to be
higher quality blends compared to most other blends of
crude oil traded internationally. An example would be the
Tapis crude which is considered to be one of the highest
quality blends of crude oil in the world, and is usually traded
at a higher price compared to other benchmarks. Hence,
increases to international benchmarks like the WTI might
not affect Malaysia’s oil exports as much, and the correlation
with WTI prices captured within the model would likely be
due to Malaysia’s exports of lower quality crude oil and
increases in overall oil prices worldwide (which includes the
aforementioned Tapis oil price).
The VAR output for the DOILIMPORT variable shows

(7)

It is noted that smaller coefficients (< 0.01) of firstdifferenced logged variables can be roughly interpreted as
percentage changes. However as none of the coefficients
relevant to the study meet this criteria, they cannot be interpreted as such. To better interpret the estimated coefficients,
I exponentiate both the dependent and independent terms
to obtain a new set of values. These values (expressed in
{} braces) are simply eβ where β represents the original
coefficients in the VAR model, and can be interpreted as
such: If the ratio between xt and xt−1 increases by a multiple
of e1 , it will lead to an increase by a multiple of eβ in the
ratio between yt and yt−1 .4
Figure 5 shows some of the relevant VAR output from
the WTI model.5 The VAR output indicates that changes in
the WTI price benchmark have a highly significant effect on
the changes in most macroeconomic variables one quarter
later, all of which have a positive coefficient. However, after
lag 1, changes in WTI prices do not have any statistically
significant relationships with any other variables, implying
any effect of oil price changes would be strictly in the shortrun.
The coefficient of DWTIPRICE on DGDP in lag 1 is
0.194, meaning a unit change in the log difference of
DWTIPRICE will on average induce an increase of 0.194
in the log difference of DGDP, and is significant at the 5%
level. This confirms the presence of a significant and positive
4 Details of exponentiation and interpretation of coefficients can be found
in Appendix B.
5 20 d.o.f. for t-test. Critical values: 10%=1.725, 5%=2.086, 1%=2.845.
Standard errors reported in parentheses.
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Fig. 6

some unusual properties. The coefficient of DWTIPRICE in
the first lagged period on DOILIMPORT is 1.837, which is
significantly higher than all other variables and significant
at the 5% level. The coefficient is approximately triple in
magnitude compared to the coefficient for DOILEXPORT,
which is surprising as for a major oil-exporting country one
would expect oil prices to have more economic significance
on oil exports rather than imports. The exponentiated coefficient yields a value of 6.281, which is more than twice the
magnitude of e1 , indicating a small increase in WTI prices
induces on average a relatively much larger increase in value
of oil imports. This suggests that Malaysia’s energy demand
is relatively inelastic as it is likely that the increase in value
is due to oil import quantity not reducing in response to an
increase in oil prices. Theorising a reason for the unexpected
magnitude of the increase is however, out of the scope of
this paper. Curiously the DOILIMPORT variable displays
strong autoregressive properties in the model, with negative
coefficients on past values significant up until lag 2. This
is highly unexpected since for all variables any significant
dependence on past values should have been removed by
first-differencing, as evidenced by the lack of autoregressive
phenomenon in other variables. The size of the coefficients is
also noted as being relatively large. While not being relevant
to the main research question, the odd statistical behaviour
of the variable is intriguing and deserves to be highlighted.

not provide any support for Abeysinghe’s theory that the
exports of oil-exporting countries could suffer in the longrun from an increase in crude oil prices. On the other hand,
DWTIPRICE does not have any significant relationship with
the DOTHERIMPORT variable even at lag 1, which is to be
expected.
The VAR output for the DF model does not differ much
from the output for the WTI price model, with the oil price
coefficients on other variables sharing highly similar significance properties with their counterparts in the WTI model.
Like in the WTI model changes in DF prices do not have
any effect on other variables after lag 1. The exponentiated
DDF P RICEt−1 coefficient on DGDPt shows that DF
price changes have a substantially smaller effect on GDP
compared to WTI price changes, with a value of 0.437 compared to 1.215 in the WTI model at the same 5% significance
level. The coefficient on DOILIM P ORTt shows that like
in the WTI model, changes in DF price have a highly positive
effect on oil imports, albeit as the exponentiated coefficient
shows this relationship is smaller compared to the WTI
model and is only significant at the 5% level instead of the
1% level. The DOILIMPORT variable still retains it’s strange
autoregressive properties, although the lag 2 coefficient is
no longer significant. The coefficients on DOILEXP ORTt
and DOT HEREXP ORTt variables are similar to the WTI
version, and like in the WTI model changes in DF price have
no effect on the DOTHERIMPORT variable.

The coefficient of DWTIPRICE on DOTHEREXPORT is
positive and only weakly significant at the 10% level at lag 1.
This suggests that the movements in global crude oil prices
do cause some increase in the value of all other Malaysian
exports in the short-term, although the exponentiated coefficient shows that the magnitude of any such increase is
not very big. As WTI price changes past lag 1 do not have
any significant effect on DOTHEREXPORT, this study does

B. Impulse Response Functions
Figures 7 and 8 below show the significant Impulse
Response Functions results for shocks to WTI and DF prices
respectively as simulated for both orthogonalised models up
until 10 lags. The results for both models are effectively
almost identical with no notable difference in magnitude and
statistical significance. Thus I conclude that any differences
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observed in magnitudes between the effects of WTI and DF
price changes in the VAR models do not extend towards
an IRF. The most significant results are the responses of
oil trade to a shock in oil price change, where a shock
of one standard deviation to changes in oil price induces
a shift of magnitude 0.1 in log changes to both crude oil
exports and imports. The effects of oil price shocks on
oil imports stop being significant at the 5% level before
lag 2 whereas for oil exports the 5% significance persists
until lag 2 whereby further time periods do not display any
statistically significant relationship. This implies effects of
oil price shocks are more persistent on oil exports. The IRF
results also show that log changes to other Malaysian exports
and GDP respond positively to innovations in oil price
changes from one quarter prior, however the magnitudes at
0.03 and 0.02 respectively are much smaller compared to the
effects on oil trade. Shocks to oil price changes do not affect
all other Malaysian imports in any time period, which would
be consistent with what one would expect.6

VIII. C ONCLUSION
Based on the VAR output, any effects of oil price changes
on Malaysia’s GDP and trade last only in the short-run of
1 quarter period. Oil price changes affect Malaysia’s oil
trade and all other exports substantially more than GDP,
and have no effect on all other Malaysian imports. There is
also no substantial deviation in the statistical significance of
results when using WTI prices and DF prices, with the main
differences lying mainly in the magnitude of coefficients
where it is found that WTI price increases have a stronger
positive effect on GDP compared to DF prices. The study
also does not provide support to the theory that Malaysia
suffers in the long-run from an increase in crude oil prices.
The short-run effects implied in the VAR model are also
documented in the simulated impulse response functions.
The Impulse Response Function results suggest that shocks
to both WTI and DF price changes have effectively identical
effects, with Malaysia’s GDP, oil exports, oil imports and all
other exports responding positively to innovations within the
last quarter.
Such results could potentially be used by Malaysia’s
policymakers when formulating both public and trade policy.
Again, it is important to bear in mind that the 2 price
benchmarks used are meant to be a rough representation
of oil prices as a whole. The results in this study could
possibly indicate that crude oil price related developments in
the North American region has more significant implications
on Malaysian trade. Given the more pronounced effect of
WTI prices on GDP, Petronas could commit to using the
WTI price benchmark rather than the DF benchmark to price
exports of lower quality crude oil in the future to maximise
GDP gains, as well as committing to importing crude oil
from importers that use the WTI benchmark. Furthermore,
Malaysian policymakers should bear in mind the significance
of immediate effects from oil shocks, and look to formulate
policies targeted at cushioning the impact on Malaysia’s
economy during periods of extreme oil price instability.

VII. L IMITATIONS
There are a few notable limitations in this study. First,
due to the lack of data available I am unable to account for
the effects of government oil subsidies which could have a
more substantial effect on Malaysia’s macroeconomy. Due
to data limitations the Malaysian CPI is also used to deflate
all the variables instead of using individual indexes for
different variables, which results in an inaccurate adjustment
of inflation. This could have potentially affected the results
and is something to keep in mind. Furthermore, the small
sample size prevents any structural break tests from being
performed, which could have been used to study whether
significant events (such as Malaysia’s transformation into a
net-oil importer, or the removal of government oil subsidies
in 2014) caused a structural break in Malaysia’s relationship
with crude oil prices. Furthermore, while it is argued that the
presence of serial correlation in the residuals of both models
does not directly damage the results of the study, statistically
it still indicates significant possibility of a bias regardless of
how unlikely it is from an economic perspective. In regards to
the VAR model, even though it minimises the AIC, a VAR(8)
model is much larger than necessary for this particular study
as effects up until 2 years prior were captured, and it is likely
that the AIC over-specified the model. The VAR output for
later lags suggests that most coefficients are not significant
and are not relevant to the study. Finally, Petronas has been
known to base it’s custom price benchmark on the price of
Brent crude. Any further studies could potentially employ a
similar methodology using the price of Brent crude instead
of WTI and DF, and compare them to the results above.
Intuitively I would expect changes to Brent price to have
a larger magnitude while being more statistically significant
compared to both the WTI and DF prices.
6±
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A PPENDIX A: DATA
Data sources:
• GDP: International Financial Statistics Metadata (IFS) website. However final data point (2017Q2) was obtained from
Malaysia’s Department of Statistics quarterly report for 2017Q2
• CPI: International Financial Statistics Metadata (IFS) website
• WTI and DF prices: IndexMundi website
• Oil imports/exports: Malaysia’s Department of Statistics website
• Total imports/exports: Malaysia’s Department of Statistics website
• CPI: International Financial Statistics Metadata (IFS) website
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A PPENDIX B: VAR
Interpretation of coefficients in the VAR model after exponentiation:

(logxt − logxt−1 ) = α ⇒

xt
= eα
xt−1

(8)

Assume initial ratio between xt and xt−1 of eα .

(logyt − logyt−1 ) = β(logxt − logxt−1 )

(9)

Coefficient of β in VAR.

(logxt − logxt−1 ) = α + 1 ⇒ log(

xt
)=α+1
xt−1

(10)

Unit increase in log difference of x.

(

xt
= eα ∗ e1 )
xt−1

(11)

Exponentiating both sides shows increase by multiple of e1 .

(logyt − logyt−1 ) = γ ⇒ (

yt
) = eγ
yt−1

(12)

Assume initial ratio between yt and yt−1 of eγ .

(logyt − logyt−1 ) = γ + β ⇒ log(

yt
)=γ+β
yt−1

(13)

Increase of β as shown by coefficient.

(

yt
) = eγ ∗ eβ
yt−1

Exponentiating both sides shows increase by multiple of eβ .
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(14)

The following figures contain the raw VAR output for only the coefficients of oil price changes on all other variables,
with standard errors reported in parentheses and t-statistics reported in square brackets.
Fig. 9
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Fig. 10
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Regional Approaches to Combating the United States’ Opioid Epidemic
Spencer Papay
Columbia Univeristy

II. BACKGROUND

Abstract— This paper investigates the relationship between
federally-funded community health centers and opioid overdoses across America’s distinct geographic regions. Using panel
data from 1999 to 2016 and including local controls as well as
time and state fixed effects, I find that each community health
center per 100,000 people is associated with a 4.5 to 15.6%
decrease in opioid overdoses in that region. For areas without
significant impact of community health centers, I investigate
the impact of Good Samaritan Laws on the same outcomes and
find that they are associated with a 20.8% decrease in opioid
overdoses compared to states that do not enact them. These
results can be successfully leveraged to inform both federal- and
state-level policies delineated in this paper that can continue to
battle the nation’s opioid crisis.

A. The Opioid Epidemic and Attempted Solutions
Synthetic and natural opioids have been used for pain
management in the United States since the 19th century;
however, the lenient prescribing of opioids that came about
in the mid-1990s set the stage for the nation’s current
dependence on this class of narcotics. The situation is dire:
In 2016, more than 115 people fatally overdosed on opioids
every day (CDC, 2016). In 2017, the U.S. Department of
Health and Human Services declared the opioid epidemic a
public health emergency, a distinction previously given to
mass disease transmission like the 2009 H1N1 outbreak. In
some states, the opioid overdose rate is as high as 40 deaths
per 100,000 people, and opioid overdoses nationwide eclipse
all other drug-related deaths (CDC, 2016).

I. I NTRODUCTION
The American public and lawmakers are frantically trying
to solve the nation’s opioid epidemic, and I provide timely
new suggestions for future legislation by investigating the
impact of community-based care to America’s poorest and
most rural patients. I use panel data from 1999 to 2016 to
investigate the impact of community health centers on opioid
overdoses across America’s urban-rural spectrum.
Since the enactment of the Affordable Care Act, community health centers receive funding each year from the
Community Health Center Fund; this fund must be renewed
biennially due its sunset clause. Were this fund to lapse, as
happened in late 2017, essential care for the country’s most
vulnerable citizens would be at risk.
I find that each additional center per 100,000 people is
significantly correlated with a 4.5 to 15.65% decrease in
opioid deaths in semi-rural areas. I find no significant results
for more urban areas; however, an investigation of Good
Samaritan Laws, which shield victims and bystanders from
opioid-related crime charges when they seek help, yields a
significant 20.8% decrease in opioid overdoses in large urban
areas.
This evidence not only bolsters the existing case for continuing to fund community health centers, but also provides
strong incentive for states to pass Good Samaritan Laws,
ensuring all individuals with substance use disorders—urban
or rural—can receive the help they need.
This study is novel as its econometric approach hinges
on the urbanization-classification system implemented by the
National Center for Health Statistics, yielding fruitful insight
into how efficacy of these centers varies by region within
each state.

Fig. 1: Opioid Deaths Per 100,000 by Region
The roots of the opioid epidemic can be found in the
aggressive marketing and sales strategy of Purdue Pharma’s
drug OxyContin, which entered the market in 1996. At
the time of OxyContin’s release, general consensus in
the medical community was to avoid prescribing addictive
painkillers, as professionals knew well the damage caused
by predecessors like morphine. At the time, the Food and
Drug Administration allowed OxyContin’s manufacturer to
advertise reduced abuse potential, with the label stating:
“Delayed absorption as provided by OxyContin tablets is
believed to reduce the abuse liability of a drug” (Dyer, 2018).
In the drug’s marketing materials, Purdue refuted any abuse
or addiction potential through normal use. The company
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additionally created many videos promoting the wonders of
OxyContin, and sales representatives received major incentives to convince more doctors to prescribe OxyContin (FDA,
n.d.). Some doctors even received kickbacks in the form of
speaking fees if they were frequent prescribers (“For Doctors,
More Opioid Prescriptions Bring More Money,” 2018).
As a result, opioid prescription rates exploded throughout
the late 1990s and early 2000s, with 219 million prescriptions
filled in 2011, up from 94 million in 1996 (National Institute
on Drug Abuse, 2018). Claims of limited abuse potential
were soon clinically and practically debunked, and current
data suggest that 21 to 29% of patients prescribed opioids
for chronic pain misuse them and 8 to 12% develop opioid
use disorder (Vowles et al., 2015).
While many states were previously poorly equipped to
tackle this crisis, public health officials as well as state and
national legislative bodies have expanded states’ tool belts
to address the epidemic. Naloxone is an essential medication that states distribute to reduce the number of opioid
overdoses. It is an opioid antagonist with no abuse potential
and quickly reverses the effects of an opioid overdose; these
reasons coupled with the relative ease of use by laypersons
make naloxone a prime target of overdose prevention programs. However, these distribution programs have really only
scaled with the epidemic, as they curb the outcome rather
than the cause. A 2013 survey of community organizations
revealed that of 152,000 naloxone kits distributed since 1996,
almost half of them were distributed in 2013 alone (CDC,
2015).
States have also loosened the restrictions on obtaining
naloxone, a prescription drug, by allowing third-party prescriptions or implementing standing orders, which allow nonabusing individuals in close proximity to addicts to keep
naloxone on hand or obtain it at a pharmacy without a
prescription, respectively. These measures were implemented
by states in mainly between 2012 and 2014, and 45 states
currently have some sort of a third-party naloxone access
law (Substance Abuse and Mental Health Services Administration, 2018).

ments, such as non-profit status, sliding fee scales, treatment
regardless of ability to pay, and location in a federallyrecognized Medically Underserved Area (Social Security
Act). Additionally, each center is required to be run by a
board of directors, the majority of whom must be patients
of the health center, thereby ensuring that the center focuses
on the needs of the community it serves. As a recognized
community health center, the facility is eligible for discount
drug prices through the 340B Drug Pricing Program, can
receive federal grants, can hire providers through the National Health Service Corps, and receive protection from
malpractice claims (“Federally Qualified Health Centers,”
n.d.). These requirements and benefits provide significant
value for both patients and practitioners, as underserved
patients can receive high-quality care at reasonable rates
that they otherwise would not, and practitioners still have
a financially feasible center to serve those most in need.

Fig. 2: Average Number of CHCs by Region

B. Community Health Centers
However, in areas with a dearth of healthcare professionals, accessing addiction advice, medically assisted treatment
(MAT) for substance use disorders (SUDs), or life-saving
naloxone can be extremely difficult, leaving the almost one
in five Americans who live in rural areas at risk. Furthermore,
a shortage of healthcare professionals does not only impact
those with opioid use disorder; access to basic preventive,
dental, and family planning care is also limited. Fortunately,
community health centers fill the void in medically underserved communities and rural areas. Community health centers (CHCs) provide a full spectrum of health services from
primary care to dental visits to substance abuse treatment
to family planning, and these services are often customized
based on the local community’s needs.
To classify as a community health center under federal
law, community health centers must meet strict require-

Fig. 3: CHCs Per 100,000 by Region
While, by the above characterization, community health
centers seem to be focused on serving the worst off, they
actually affect a substantial number of Americans. One in
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12 Americans receives care at a community health center,
including one in six Medicaid beneficiaries (NACHC, 2018).
Seventy-five percent of community health center patients are
under the federal poverty level, and a staggering 92% are
under 200% of it (Rosenbaum et al., 2018). Unsurprisingly,
even after the Affordable Care Act (ACA), almost 25% of
community health center patients are uninsured, and about
50% are on Medicaid (Rosenbaum et al., 2018).
As such, it follows that the community health centers’
revenues roughly correspond to their patient base. In 2015,
44% of community health centers’ revenues came from
Medicaid on average nationwide; in non-expansion states,
Medicaid accounted for only 29% of revenues, and in expansion states, 49% (Rosenbaum et al., 2018). However, given
only four percent of patients self-pay and only nine percent
have private insurance nationwide, there is often a large
budget shortfall due to patients who rely on low sliding
fees or are unable to pay. Therefore, the Health Resources
and Services Administration (HRSA) provides federal grants
to federally recognized community health centers, and these
grants make up 15% and 25% of revenues in expansion and
non-expansion states, respectively (Rosenbaum et al., 2018).
These grants are a vital component to the financial stability
of community health centers, and many center managers have
expressed that they would have to cut staff or services if these
grants dried up (“How Are Health Centers Responding to the
Funding Delay?,” 2018).
Given the diversity in services offered and patients served
by community health centers, they are pivotal partners in
fighting the opioid epidemic through substance abuse counseling, medically assisted treatment, and naloxone distribution. For centers in high-overdose areas that tailor their
progams to their local communities, federal grants are essential.

the CHCF, the HRSA would only be able to fund 30% of
community health centers’ needs (Congressional Research
Service, 2018).
Unfortunately, the original sunset clause pertaining to the
CHCF created another political funding dispute in 2015,
when lawmakers had to vote to reauthorize the fund. Ultimately, Congress voted to extend the fund’s lifetime by
two years, meaning that it would expire in 2017. And of
little surprise on the Hill, lawmakers yet again squabbled
over another extension of the CHCF in 2017. As the fund is
affected by a sunset clause, it is usually tied up in that year’s
budget bill, making it an unintended victim of other budget
disputes that can shut down the government. Each funding
season, the CHCF receives bipartisan support in both the
House and Senate, though it seems likely that no legislator
wants to bear the associated budget burden of funding the
CHCF in perpetuity (Stabenow et al., 2017; Tsongas et al.,
2017).
D. Other Legislative Efforts to Combat the Opioid Epidemic
The opioid epidemic, however, remains a hot issue in
Congress, and some of the most groundbreaking legislation
seeking to combat the epidemic was passed in late 2018.
The SUPPORT for Patients and Communities Act achieved
bipartisan success and had several novel provisions to attempt to control the opioid overdoses gripping the nation.
The law expands substance use disorder treatment programs,
allowing the use of federal funds to reimburse providers;
provides grants to build out prescription drug monitoring and
inter-state data sharing programs; expands telehealth services
for Medicare and Medicaid substance use disorder treatment,
thereby improving access to counseling and services where
lack of doctors or reliable transportation is an impediment
to receiving care; and authorizes loan repayment programs
for SUD-treatment professionals who work in recognized
health professional shortage areas (SUPPORT for Patients
and Communities Act).
This massive piece of legislation was estimated by the
Congressional Budget Office to cost more than one billion
dollars over the next 10 years, and the legislation passed with
relative political ease.

C. The Community Health Center Fund
However, funding community health centers has been
more contentious than one might expect for a program
with so many benefits and beneficiaries across the country.
Before the ACA, community health centers were funded
through HRSA’s discretionary funding and in 2010 received
$2.1 billion (Congressional Research Service, 2018). Under
the discretionary funding process, allocations could swing
dramatically from year to year, leaving many community
health centers unsure about what services could be offered
the following year.
The ACA attempted to improve the allocation process
and budget forecast by establishing the Community Health
Center Fund (CHCF). Under the ACA, the CHCF was
provisioned for five years to provide a mandatory funding
stream for community health centers, meaning that many
Americans’ access to comprehensive health services would
no longer be at risk (Patient Protection and Affordable Care
Act). The mandatory funding structure ensured that quarrels
over community health center funding would be a thing
of the past. The CHCF now makes up more than 70% of
funding that community health centers receive, and without

E. Impact to the Community Health Center Fund
Given Congress’ interest in legislation designed to end
the opioid epidemic, perhaps the Community Health Center
Fund could receive permanent funding if the underlying
centers were reframed as tools to address the crisis.
Social Security, Medicare, and Medicaid all benefit from
mandatory funding, and while Congress can adjust the eligibility requirements and other aspects of these programs
through laws, the programs are guaranteed to be funded.
Given how many people rely on these aforementioned programs, it seems reasonable that these programs cannot be
held hostage in budget disputes.
However, as more than 27 million Americans rely on
community health centers, it is just and responsible for the
CHCF to become a permanent mandatory expense, as it
36

is reckless to threaten the only healthcare many of these
individuals can receive on a non-emergency basis. Moreover,
the role of CHCs in locally combating the opioid epidemic
makes their continued funding a priority.
To that end, while the overall focus of community health
centers is not to end opioid overdoses, reframing their impact
as a tangible and timely metric may provide more political
capital to politicians and make the permanent funding of
the CHCF an easier pill to swallow, which would result in
continued healthcare access for America’s poor as well as
continued benefits for any opioid overdose reduction that
can be demonstrated. As such, this paper investigates the
effect of community health centers on the opioid epidemic to
determine what, if any, impact they have on opioid overdoses,
especially in rural areas.

follow Keynesian theory and stimulate their local economies.
Confirming this theory, the health centers provided almost
twice as much benefit to their local communities as they
took in.
Walley et al. (2013) found a significant effect of opioid
overdose education and naloxone distribution through community health centers on opioid overdoses in Massachusetts.
Specifically, they found an adjusted rate ratio of opioid
overdoses of 0.73, which was significantly lower compared
to communities with no program implementation.
IV. DATA
I construct a panel data analysis across the entire United
States from 1999 to 2016 at the urbanization classification
level. It is important to note that while I would have preferred
to conduct my analysis at the county level, the Centers
for Disease Control and Prevention (CDC) suppresses any
value from being outputted that is less than 10 due to
privacy concerns. For instance, if there were fewer than
10 opioid overdoses in Clark County, Kansas in 2016, the
value would be suppressed. With a county-level analysis,
more than half of the counties had suppressed values, which
represented 40% of total opioid deaths missing. The CDC
provides an output level based on the National Center for
Health Statistics (NCHS) Urban-Rural Scheme for Counties,
as classified in 2013. Under this specification, outputs are
aggregated based on the underlying counties’ urbanization
code; for example, all of the metropolitan counties’ data
are aggregated and reported as a single value. The 2013
classification applies proactively and retroactively to each
area. This allows me to clear the 10-death threshold and
receive data that is less than two percent suppressed while
still using data at a more granular level compared to statelevel data.
The NCHS provides clear guidelines on classification of
counties into urbanization codes. The classification is a set
of six categorical codes for four metropolitan areas and
two non-metropolitan areas, primarily based on population
and the presence of a “large principal city” within that
county (Rothwell et al., 2014). The general groupings for
metropolitan areas were based on one million or more with
a principal city, one million without a principal city, 250,000
to one million, and fewer than 250,000. For non-metropolitan
areas, micropolitan areas have similar criteria as the large
metropolitan areas, but the population criteria is 2,500 people
to 50,000 people; noncore areas are everything else and are
considered to be the most rural.
I therefore compile urbanization-level data from the CDC’s
Multiple Cause of Death database through the agency’s
WONDER portal. I aggregate data by year, state, and urbanization code from 1999 to 2016 for all underlying cause of
death overdose codes (unintentional, suicide, homicide, and
undetermined) and further selecting for the following ICD10 codes: T40.0 (Opium), T40.1 (Heroin), T40.2 (Other opioids), T40.3 (Methadone), T40.4 (Other synthetic narcotics),
and T40.6 (Other and unspecified narcotics). Note that the
CDC includes cocaine as a narcotic, and it is therefore

III. L ITERATURE R EVIEW
The overall benefits of community health centers are
generally recognized, and the literature demonstrates impacts
not only in access to healthcare, but also in economic
development and mortality rates. Rust et al. (2009) compared uninsured general emergency department rates for rural
counties in Georgia that have a community health center
compared to those that do not from 2003 to 2005. They
found that counties without a community health center had
33% higher rates of uninsured emergency room visits versus
counties with a community health center. They did not find
any result with an insured population, and these results
demonstrate that there is a demand for healthcare that is
unmet without community health centers. The presence of
a community health center could decrease the amount of
charity care provided by hospitals with emergency rooms.
Bailey and Goodman-Bacon (2015) explored the early
presence of community health centers on longer-term health
effects and mortality rates. They found that within 10 years
of opening that community health centers were associated
with a two percent reduction in age-adjusted mortality rates
among adults 50 and older. However, when adjusting for
socioeconomic status, the authors found that community
health centers reduced mortality rates by 7 to 13% among
the poor patients who were 50 years and older.
Additionally, Sasso and Byck (2010) investigated the impact of additional federal dollars on the number of patients
served by community health centers. Their results showed
a significant increase in services available, including mental
health and substance abuse counseling. In quantitative terms,
the authors determined that an additional $500,000 in funding enables a center to treat 540 more uninsured patients.
This provides more confidence that federal dollars are going
towards worthy causes (rather than executive compensation)
and have substantial ability to treat America’s poor.
Kotelchuck et al. (2011) found that the $11 billion in
total revenue that community health centers received in 2009
translated to $20 billion in direct and indirect economic
activity in their local communities. Two billion dollars of
these funds came from the American Recovery and Reinvestment Act of 2009 in the hope that these centers would
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possible that T40.6 includes cocaine overdoses; however, the
impact on data is minimal and this practice is followed in
other studies (Rigg et al., 2018; Nam et al., 2017).
The dataset provided from the CDC also includes that
classification’s population in each given year, which allows
me to calculate the opioid death rate per 100,000 people from
the provided absolute values.
Next, I obtain a dataset of all community health centers
and look-alike centers in the United States from the Health
Resources and Services Administration, the agency that
oversees the centers. This dataset provides the year each
center was opened, its address, county, general services
provided, and status as permanent or temporary. As the
“services provided information” is not specific enough to
classify CHCs that provide SUD treatment versus those that
do not, I ignore this component of the data. Using the year
that each center was opened and closed (if applicable), I
aggregate the number of centers per county in each year.
The NCHS provides an urbanization code for each county,
and I use this information to further aggregate the number
of community health centers per urbanization classification
per year.
Further, I compile every state’s Medicaid expansion status
for each year (applicable to only years 2014 and onward),
and assign a state-level dummy variable for expansion status,
as well as a state-level variable for the number of years since
expansion in the given year. I apply these variables to all
urbanization areas in a state for a given year, for a state’s
decision to expand or not affects every county in its border.
Additionally, I obtain the number of MAT drugs distributed through Medicaid by state and by year. I obtain
this data from the Center for Medicaid and CHIP Services’
(CMCS) State Drug Utilization Data for years 1999 to 2016.
I specify for the generic and brand names of the following
drugs: buprenorphine, methadone, naloxone, and naltrexone.
I then compile this data, removing extraneous codes (such
as generic manufacturer codes), and apply the data to each
urbanization classification by state per year.
I further collect the presence of any Naloxone Access Law
or Good Samaritan Law in each state, as well as the year in
which it was enacted. This information was compiled by the
Network for Public Health Law in July 2017, and I verified
all information in their index through each state’s legislative
body combined statutes (Network for Public Health Law,
2017).
For my control variables, I compile the complete American
Community Survey from the Census Bureau from years
2008 to 2016 using one-year estimates from the Comparative
Economic Characteristics CP03 table (US Census Bureau,
2008, 2016). The data is provided at the county level, and
I take sums or weighted averages for each category, where
appropriate, based on the county’s NCHS urbanization code,
yielding a single value per urbanization classification per
state per year. I am primarily concerned with average educational attainment, labor force participation, annual household
income, poverty level rates, and health insurance coverage;
I later use some of these variables as control variables in

my regressions. For years prior to 2008, I obtain the same
statistics from the 10-year census in years 1990, 2000, and
2010 and extrapolate each year’s value based on a calculated
compounded annual growth rate for the inter-census periods
(US Census Bureau, 1990, 2000, 2010). This is a similar
approach as to how the Census Bureau estimates values for
years wherein the American Community Survey was not
conducted (US Census Bureau, n.d.).
The end result is a panel dataset for years 1999 to 2016
with the number of opioid deaths by urbanization area by
state, as well as the corresponding overdose rate per 100,000
people. Further variables, such as the number of community
health centers, Medicaid enrollment and expansion, MAT
drug distribution, Naloxone Access Laws, and Good Samaritan Laws are all specific by year, and each panel observation
is an urbanization area in a specific state, for a total of 244
groups (as not every state uses all six urbanization codes).
V. M ETHODOLOGY
A. Impact of Community Health Centers on Opioid Overdoses
My first analysis investigates the impact of community health centers on overall opioid overdoses at the
urbanization-classification level. I perform my regression at
the urbanization-classification level due to my hypothesis that
CHCs have different impacts based on the type of community
they serve. The formal regression equation is as follows:
ln(Yc,t ) = β0 +β1 (X1,c,t ∗X2,c,t )+Zc,t +αs +αt +c , t (1)

Yc,t is the number of opioid deaths in urbancode c in
year t
• X1,c,t is the number of community health centers per
100,000 people in urbancode c in year t
• X2,c,t is the urban-rural classification of urbancode c in
year t
• Zc,t is the vector of control variables for average
household income, educational attainment, labor force
participation, and health insurance coverage for urbancode c in year t
• αs is the state fixed effect in state s
• αt is the year fixed effect in year t
• c , t is the error term
I use a log-linear regression to adjust for the size of
the population in each urbanization code, as a 10-death
reduction, for instance, is not comparable between two
regions with 15 total overdoses versus 100 total overdoses.
By transforming the dependent variable into log form, I
format my regression to give a percent-change output, where
an x change in X1 is correlated with a y% change in Y1 .
The model features an interaction term to isolate the effect
of community health centers by urbanization-classification.
It also incorporates fixed effects at both the state and time
level, as I predict that the opioid crisis is worse based on
overall geographic area within the United States (i.e., some
states suffer more than others) and that the severity of the
crisis has increased over time. I control on both of these
dimensions by including state and time fixed effects.
•
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B. Impact of MAT Units Distributed on Opioid Overdoses
My next analysis looks into the impact of the number
of medically assisted treatment drugs distributed on overall
opioid overdoses at the urbanization-classification level. The
formal regression equation is as follows:
ln(Yc,t ) = β0 + β1 X1,s,t + Zc,t + αs + αt + c , t

(2)

Yc,t is the number of opioid deaths in urbancode c in
year t
• X1,s,t is the number of number of MAT drugs distributed in state s in year t
• Zc,t is the vector of control variables for average
household income, educational attainment, labor force
participation, and health insurance coverage for urbancode c in year t
• αs is the state fixed effect in state s
• αt is the year fixed effect in year t
• c , t is the error term
This regression similarly uses a log-linear form to adjust
for the size of the population in each urbanization code. As
shown in the results section, an extension of this model integrates the number of community health centers per 100,000
individuals. This model also features state and time fixed
effects, for the reasons explained above.
•

C. Impact of Good Samaritin Laws on Opioid Overdoses
My final analysis looks into the impact of Good Samaritan
Laws on opioid overdoses at the urbanization-classification
level. The formal regression equation is as follows:
ln(Yc,t ) = β0 + β1 X1,s,t + Zc,t + αs + αt + c , t

(3)

As shown in the table above, each community health
center per 100,000 people in a micropolitan area is correlated
with a 15.6% decrease in the number of opioid deaths in
that same region. These results are significant at a lessthan-one-percent level. For other non-metropolitan areas (i.e.,
NonCore), each center per 100,000 people is correlated with
a 4.5% decrease, also significant at the same level.

Yc,t is the number of opioid deaths in urbancode c in
year t
• X1,s,t is the presence of a Good Samaritan Law s in
year t
• Zc,t is the vector of control variables for average
household income, educational attainment, labor force
participation, and health insurance coverage for urbancode c in year t
• αs is the state fixed effect in state s
• αt is the year fixed effect in year t
• c , t is the error term
This regression similarly uses a log-linear form to adjust
for the size of the population in each urbanization code.
This model also features state and time fixed effects, for
the reasons explained above.
•

However, the effects are both weaker and insignificant for
many metropolitan areas. Small metropolitan areas (50,000
to 250,000 people) experience a 5.4% decrease in opioid
deaths; this result is significant at the less-than-one-percent
level. While large central metropolitan areas demonstrate a
5.3% decrease, significant only at the 10% level, there is
no statistical significance for either of the two middle-sized
categories.
These results are not perplexing: Large metropolitan areas
have many more hospitals, clinics, and healthcare professionals than non-metropolitan areas, meaning that the marginal
impact of an additional health center is much higher where
their prevalence is lower. From economic theory, this is
simply the concept of diminishing marginal returns. Additionally, because many of these areas have at most 50,000
people, one community health center would have an impact
of at least 31.2%, as the rate is equivalent to two centers per
100,000 people.

VI. R ESULTS
A. Impact of Community Health Centers on Opioid Overdoses
This study predicted a significant effect of each community health center per 100,000 people on the number
of opioid overdoses statewide. The robust regression model
described in the previous section reveals the following results
in Table 6.1.
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health centers. This result is significant at the less-than-onepercent level.
Due to the different econometric approach taken in these
results’ model compared to the model pertaining to results
shown in Section 6.1, the impact of community health centers
are not directly comparable between the two models. While
the regression in Section 6.3 is fully interacted, the model in
Section 6.1 is only partially interacting, therefore yielding
markedly different coefficients for similar estimators. Therefore, while both results are meaningful in their own sense, the
two models’ results should not be interpreted in comparison.
This is an exciting result because it provides a potential
tool that states can use to combat the opioid epidemic in
regions where community health centers are less effective.
Unfortunately, none of the other urbanization classifications
yielded any significant results for Good Samaritan Laws. I
expected a significant effect at least in the metropolitan areas,
as tensions with police would potentially be higher than in
rural areas, where communities can be tighter-knit. These
results will be further explored in the Discussion section.

B. Impact of MAT Units on Opioid Overdoses
This study predicted a significant effect of the total number
of medically assisted treatment drugs distributed each year
on the number of opioid overdoses in each state. The robust
regression model described in the previous section reveals
the following results in Table 6.2.

VII. D ISCUSSION
The results mentioned above suggest that not only are
community health centers effective at reducing the number
of opioid deaths in rural areas, but that Good Samaritan
Laws are also correlated with reducing the number of opioid
deaths in large metropolitan cities. The former suggests that
there may be an undersupply of healthcare in rural areas that
community health centers can remedy. Further, by tailoring
their offerings to local needs, community health centers may
actually be more effective at fighting the opioid epidemic
than other health facilities; however, additional data and
testing are necessary to investigate this hypothesis. The latter
suggests that a no-cost solution to curbing opioid overdoses
exists and can be implemented with relative ease. As Good
Samaritan Laws are strictly statute changes, they do not require any extensive police training or capital investments; the
only requirement is for police not to arrest those overdosing
or reporting the overdose for related drug or paraphernalia
charges.
As community health centers have an associated cost
to them (about $3.5 billion a year from the CHCF), it is
important to show efficacy in services they provide. An
important limitation of this study is that I do not enumerate
any additional benefits that community health centers provide, such as pregnancy planning, chronic care management,
mental health care, and more. These are feasible studies with
similar methodologies to this paper and can be attempted in
the future. However, solely measuring the impact on opioid
overdoses, I find significant reason to keep CHCs funded.
Based on the findings of my model, a rural community of
50,000 with two health centers would have 62% fewer deaths
than an identical community without any health centers.
Community health centers require extensive funding from
the federal government, as the government essentially subsidizes healthcare for poor Americans in these clinics;
however, there are other significant costs associated with

As shown in the table above, there is no significant impact
of MATs distributed on the number of opioid overdoses. In
fact, the effect is positive, but intuition would suggest that
the effect should be negative, as more patients on treatment
would ideally lead to more lives saved and fewer deaths. It is
not possible to say why exactly this effect is not significant,
but the positive relationship it has with opioid deaths suggests
that there may an element of reverse causality, wherein
the more units distributed is a function of the number of
overdoses already underway. As such, the number of MATs
distributed is not a good estimator in this regression.
To check the robustness of my community health center
model, I include that term in this regression as well, and
each center per 100,000 people statewide is correlated with
an overall 5.8% reduction in the number of opioid overdoses.
C. Impact of Good Samaritan Laws on Opioid Overdoses
This study predicted a significant effect of the presence of
a Good Samaritan Law on the number of opioid overdoses
overall, controlling for the number of community health
centers per 100,000 people. The robust regression model
described in the previous section reveals the following results
in Table 6.3.
As shown in the table, the impact of a Good Samaritan
Law on the number of opioid deaths is only significant in
large central metropolitan areas. The effect size, however, for
this area is dramatic: The enactment of a Good Samaritan
Law is associated with a 20.8% decrease in the number of
opioid deaths for all subsequent years in large metropolitan
areas, even after controlling for the impact of community
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these operations. While CHCs qualify for the 340B Drug
Pricing Program and can therefore receive drugs from drug
manufacturers at significantly reduced prices, large centers
that distribute many outpatient drugs for free may incur
significant costs. It would be helpful to therefore uncover
benefits stemming from the distribution of drugs for medically assisted treatment. This study is unable to disprove
the associated null hypothesis, and it would be a worthwhile
endeavor for future research to investigate the cost efficacy
of distributing MATs (including naloxone) for free.
Implementing Good Samaritan Laws should be a win-win
for states, according to this study. The implementation cost
is free, protocol adjustments for police and court systems
are minimal, and there is strong evidence that they are
correlated with a 20% reduction in total opioid deaths.
The argument can be made that these laws actually save
municipalities money, as they no longer have to spend money
on enforcement, detention, or trials for minor drug offenses
of those who seek help for themselves or others. Some
individuals may be skeptical of these laws in practice and
fear that they may actually be arrested; however, additional
research must be conducted to investigate if greater trust of
the police is associated with more calls for help in overdose
situations, therefore potentially further reducing the number
of overdoses compared to non-trusting cities or groups of
people.
While the benefits of CHCs are significant for rural
communities, the appreciation of these public health services
is also a political problem. Securing permanent funding for
the CHCF would still need to be approved by members of
Congress whose constituents do not lean on these services,
and using an overdose-reduction argument would still rely on
the altruism on non-rural representatives. It is important to
remember that the evidence above does not encompass every
benefit that community health centers provide. Other services, such as family planning and mental health counseling,

may be more effective in urban centers, which would provide
the proper incentive for support from urban representatives.
However, given the existing bipartisan support of community
health centers and the heightened interest in reducing the
number of opioid deaths across the nation, framing CHCs in
this context may garner enough support to permanently fund
the Community Health Center Fund.
VIII. C ONCLUSION
In this paper, I use panel data from 1999 to 2016 to
determine the effects of community health centers on opioid
overdoses across America’s diverse metropolitan and micropolitan regions. My log-linear regression features appropriate controls for average household income, educational
attainment, labor force participation, and health insurance
coverage as well as state and year fixed effects, and the
regression indicates that each community health center per
100,000 people in regions of 2,500 to 50,000 people is
significantly correlated with a 15.6% decrease in the number
of opioid deaths in that community. My results find a
significant 5.4% decrease for regions of 50,000 to 250,000
people based to the same presence of a CHC. I do not find
any significant results for the other urbanization regions.
In searching for another solution for more urbanized areas,
my results indicate that the enactment of a Good Samaritan
Law—wherein individuals who seek or receive help for
an opioid overdose they are experiencing or witnessing
cannot be prosecuted, arrested, or charged for drug-related
crimes—is significantly correlated with a significant 20.8%
decrease in the number of opioid deaths in large central
metropolitan areas. I do not find any significant results for
other urbanization categories.
These results suggest two feasible policy solutions to
combat the opioid epidemic: passing Good Samaritan Laws
in the five remaining states without them and continued
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funding for the Community Health Center Fund, ideally
permanently through mandatory funding.
This methodological approach can be applied to determine
the efficacy of CHCs on other outcomes, such as mental
health, life expectancy, or family planning. A potential
avenue for future research would be to conduct a cost-value
analysis of distributing medically assisted treatment drugs
for free in community health centers, as the results for this
aspect of my study are inconclusive.
Community health centers benefit one in 12 Americans,
and one in six Medicaid beneficiaries rely on them to
receive care. Pioneering legislators should use these results to
capitalize on America’s interest in curbing opioid overdoses
to propose legislation to permanently fund the Community
Health Center Fund.
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the legislator. By including a small number of exogenous
constants representing the nature of the legislator, one can
predict whether or not a specific size of protest will lead
to policy change in a binary case. To test the hypothesis
that higher levels of turnout are associated with larger
policy changes, we explore empirical evidence from antinuclear energy protests between the 1970s and 1990s. In
our context, we expect that the success of protests can be
operationalised through increases in funding for the nuclear
energy regulator. This is similar to assuming Occupy Wall
Street protestors would have been successful if we observed
an increase in funding for the Federal Deposit Insurance
Corporation (FDIC), which is responsible for maintaining
financial stability and insuring bank deposits. We conduct
our empirical study through simple data observations and
a time-series regression model with lagged dependent and
independent variables.
The main data source for this paper is the Dynamics
of Collective Action dataset based at Stanford University.
It documents collective action events in the United States
between 1960 to 1995 as reported by the New York Times.
Seventy-six variables are coded which provide a detailed
account of each event, such as number of protestors, arrests,
location and injuries. Using this data set, we find significant
evidence that protesters’ demands for additional regulatory
funding were met. This result is subject to major statistical
caveats which are discussed in Section V. We also hypothesise that the effectiveness of protests is amplified by nuclear
disasters—both domestic and foreign—because they act as a
“tool of legitimisation” for the protest’s motivations, a term
we will define later on.
First, we will explore the current literature and attempt to
define and operationalise our key concepts.

Abstract— Our research aims to quantify the impact of
protest turnout on legislative change. Specifically, we formulate
a two-period model to explain the behaviour of legislators
when faced with a variety of protest turnouts and preferences
of the median voter. We theorise that legislator payoffs are
non-linearly affected by (1) the size of protests; (2) what they
then infer about the preferences of the median voter; and (3)
the legislator’s own preferences towards the policy. Instead of
being purely office-seeking, a legislator’s payoff is negatively
impacted by civil unrest which allows turnouts that represent a
lower proportion of the electorate to still have large impacts on
behaviour. To test the implications of our model, we conduct
an empirical study within the context of anti-nuclear energy
protests in the United States throughout the 1970s to early
1990s. Legislative change is operationalised via changes in
the Nuclear Regulatory Commission (NRC) budget, which is
debated and voted upon in the House and Senate. We use a
lagged time series model to estimate the impact of protests on
the proceeding year’s NRC budget. We hypothesise that nuclear
disasters can be used as a tool of legitimacy for protestors—
it provides evidence that the motivations for their actions
are justified. The results suggest that, in expectation, every
additional anti-nuclear energy protestor increased the Nuclear
Regulatory Committee’s annual budget by around $220 over
two years, holding other covariates constant.

I. I NTRODUCTION
In 2017 the United States saw its largest ever
demonstration—the Women’s March. At approximately one
million in Washington alone and 3.3-4.6 million people
worldwide, the march gained wide spread media coverage
and attention from legislators (Moss & Maddrell, 2017).
The protestors advocated for a plethora of causes, predominantly women’s rights, but also issues such as immigration
reform, healthcare reform, reproductive rights, the natural
environment, and LGBTQ and racial equality (Fisher et al.,
2017). This exceptional call for political reform via collective
action begs two questions: (1) by what process may collective
action affect the behaviour of legislators, and (2) is there
any evidence that protests, irrespective of broader public
opinion, have a measurable effect on policy? This paper
attempts to answer both questions within the context of
nuclear energy policy and suggests extensions for future
researchers to expand upon this study.
First, we demonstrate a mechanism by which protests can
affect legislation through a model of legislator behaviour
subject to an exogenous proportion of the electorate protesting. The model is based on a combination of reelection
incentives over two periods and latent policy preferences of

II. L ITERATURE
A. Motivations for Collective Action
In order to study the impact of protests, or more broadly
“collective action,” we need to address several concepts.
In this section, we will discuss the definition of collective
action, the cause for political dissatisfaction, and why people
choose collective action as the tool to express this dissatisfaction.
The definition of collective action is crucial as it determines the scope of our research and the relevance of the
results we find. Scott and Marshall define collective action as
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“the action taken by a group (either directly or on its behalf
through an organization) in pursuit of members’ perceived
shared interests” (Scott & Marshall, 2009, pg. 96). More
generally, Meinzen-Dick et al. (2004) found that modern
definitions of collective action have a number of attributes
in common: (1) the involvement of a group of people, (2)
common interests, and (3) voluntary actions to pursue those
shared interests. Within this definition, there are a number
of different voluntary actions that groups of people can
undertake to better promote their common interests, which
depend entirely on the nature of their interests. For example,
if a group of voters wanted to influence the outcome of an
election in favour of their preferred candidate, the voluntary
actions could include canvassing or donating to campaigns
that best represent their preferences. In our context, for
anti-nuclear energy campaigns, voluntary actions can also
take forms such as peaceful or violent protests, petitions
and political activities. For the purposes of this paper, we
will base our sample of collective action activities on the
Dynamics of Collective Action dataset based at Stanford
University, which documents peaceful and violent protests
in the 1970s to 1990s.
Within this context of collective action, causes and motivations can vary. Barker and Kennedy (2017) use the political
morality model to argue that the motivation for collective
action can be generalised as people’s refusal and rejection
of rapid social transformation and hence aim to achieve
conservation and protection of traditional values. Although
this model can be helpful to explain certain protests, it
is difficult to justify these limited motivations within our
context. As such, many contemporary movements such as
the Women’s March, and even debates on gay marriage,
abortion rights, and gun control follow, in some part, a
progressive rejection of conservative values. Other scholars
attempt to categorise the motivations into several categories.
For example, Carter et al. (2006) dissects motivations into
four broad groups:

alternatives because they may interpret the likelihood of
success to be greater for protests than less costly alternatives.
This heightened expression gives us a good indication of
preferences of individuals and groups and can be crucial to
determining how much of an impact these actions have on
legislator decisions and policy-making.
Olson (1968) also assumes there is (or is believed by
potential participants to be) an ideal level of turnout which
maximises the probability of success of the collective action.
After the turnout exceeds the ideal level, there is a negligible
impact from additional participants. In other words, Olson
argues there is a positive impact of turnout on the success
of collective action, but there is a “cap.” This concept will
reemerge in our modelling as a specific cutoff where turnout
will affect legislative change, but further turnout would not
have any additional effects.
When we look to see if protesting has an effect on
legislative change, we need to define what can constitute
a “success.” While some argue only governmental response
and action are considered “successful,” Klandermans (1996)
argues there can actually be three different personal successes
which can add to one’s payoff:
1) The behaviour of others
2) One’s own contribution to the achievement of success
3) The perceived likelihood of success if many people
participate
Hence, he considers the significance of peers and concludes that individuals must be convinced that other people
will also join the cause before they are willing to participate
themselves. On the individual level, “success” can mean that
those close to them are involved or at least aware of the issue
area for the individual to protest. This is further supported
by research concluding that greater protest size will further
increase the turnout in following protests (Madestam et al.,
2013). However given the empirical limitations of such a
definition, we will only be considering the success of protests
by their effect on policy.

1) Rights and democracy in communist regimes
2) Resisting rigged elections, oppression, dictatorship, or
military rule
3) Cultural, civil and political rights
4) Social and economic justice

B. Impact of Collective Action on Policy
Literature on the extent to which protesting has an impact
on policy change employs various approaches. Specifically,
various authors have approached the definition of “policy
change” differently. Battaglini (2017) uses a definition where
policymakers implement policy in a different direction to
policy in place previously. This definition adopts a rather
harsh and rigid interpretation of policy change. On the other
hand, Lohmann’s research (1993) leaned toward a softer
definition of policy change which allows for some change,
even though not entirely what protestors might have aimed to
achieve, but better than what would have been in the absence
of protests. In regard to the empirics in this paper, we also
consider this softer approach, where protests are successful
if policy ends up closer to the ideal position of the median
protestor than it would be in the absence of protests. For
example, in our instance success can be measured by the
protest’s effect on the direction of changes in the regulator’s
budget. We adopt this softer approach because it not only is

Of these categories, the third motivation appears to most
accurately capture the causes of collective action in our context of nuclear energy social movements. However, perhaps
more fundamentally, Carter et al.’s particular theory does
not discuss why this dissatisfaction leads to (or does not
lead to) voluntary action. Olson (1968) argues that individual
members of a group often have little incentive to contribute
to the attainment of the group interest because of its nature
as a public good (Clark et al., 2017). The non-excludability
and non-rivalry of the public good gives rise to the freerider problem which discourages any form of collective
action. Scholars attempt to answer why we observe protests
despite an apparent collective action problem. People often
participate in protests despite the availability of less costly
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in line with the previous literature, but is also convenient for
analysis with continuous variables.
The notion that protests lead to policy change frequently
comes with caveats. For example, policy change will occur
when the public is well-informed of the issues at hand,
and that the issues at hand are relatively uncontroversial
(Battaglini, 2017). Battaglini suggests that public protests
signal issues to the policymaker to improve the policymaker’s
decisions, but only on the condition that the nature of the
conflict is small and the actors receive precise signals. If
these conditions are not met, then the size of the protests
will not affect policy change.
Lohmann (1993) found that protests inform policy makers
on which issues are important to the electorate. Here, extreme
protesters always advocate change to policy decisions and
therefore political leaders mostly ignore extremist turnouts
and only shift policy when the median voter is affected.
Political leaders must choose between maintaining the status
quo or implementing a counter policy. In general, research
shows that issue-specific, salient shifts in public opinion
and subsequent protests lead to at least some sort of policy
change. This rings true for the issue of nuclear energy in the
1970s as well, so we focus our model on the behaviour of
the median voter.
The use of protesting to advocate for some sort of change
comes with limits. Amenta et al. suggests that issues which
are “(a) closely tied to the national cleavage structure, (b)
for which high levels of political or material resources are at
stake, (c) regarding military matters, or (d) on which public
opinion is very strong,” cannot be substantially changed
through protesting (2010, pg. 295). Less dramatic changes
such as reaching the policy agenda stage or augmenting
existing policies are more achievable.
Along similar lines, Giugni (2007) suggests that social
movements have little, if any, impact on public policy but
adds the exception of protests that are issue-specific and
aided through public opinion support. For example, the
ecology and anti-nuclear movements starting during the late
1970s impacted policy when their mobilisation was accompanied by the presence of political allies within institutional
arenas and congruent with public opinion. However, peace
movements essentially failed due to low public support and
resources.
In sum, the literature suggests that protests will lead
to policy change if they are issue-specific, advocating for
reasonable aims, in line with general public opinion and the
participating group is composed of those outside the political
extreme. This suggests that as protest size increases we
expect to observe a larger effect on policy because protestors
are more likely to be congruent with the median voter and
not belong to political extremes.
To begin considering our substantive focus, we also hypothesise that the effectiveness of protests are amplified by
nuclear disasters and other catastrophic events, both domestic
and foreign, because they act as a “tool of legitimisation” for
the protestor’s aims. Baumgartner and Jones describe nuclear
disasters, among other major incidents, as “triggering events”

which translate social situations into public issues (2009, pg.
129). In this respect, nuclear disasters are able to legitimise
the concerns of protestors, as they “reinforce a positivefeedback process already occurring” (Baumgartner & Jones,
2009, pg. 130). Additionally, Baumgartner and Jones envisage these grave incidents as “consolidating events—dramatic
symbols of problems that are already rising rapidly to national attention” (2009, pg. 130). Consequently, with regard
to the notion of collective action, we conceptualise a “tool of
legitimisation” along Baumgartner and Jones’ lines (2009),
except that nuclear disasters, such as Three Mile Island and
Chernobyl, are not only major triggering events, but also
events that legitimise protestors’ agendas.
For example, Rankin (1982) uses survey data to gauge
public support for nuclear power before and after Three Mile
Island. In 1979, before the incident, when asked, “Do you
favour or oppose the construction of more nuclear power
plants?,” the ratio of positive responses to negative responses
was 50 to 30. However, after the disaster occurred, the
positive-negative response ratio inverted to 30 to 60. While
we do not rely on this change heuristic as evidence of
causality, Rankin (1982) shows how major events related
to policy issues can provoke changes in attitudes towards
nuclear energy. We thereby seek to test our tool of legitimisation hypothesis later on, not necessarily with regard to
sentiment, but in relation to the amplified effects of collective
action on policy that disasters facilitate.
III. N UCLEAR R EGULATORY C OMMISSION
Taking one step back, we chose to focus this study on
nuclear energy for a variety of practical and theoretical
reasons. Practically, it allows us to operationalise changes in
legislative behaviour in a way which avoids certain subjective
interpretations and has adequate variation. Other salient
policy issues such as abortion: (1) tend to be legislated at
the state-level, adding another dimension to the analysis; (2)
are rarely legislated and tend to occur in large steps; and
(3) change via legislative acts, which would require us to
code bills. This final point would mandate the researcher to
assign a direction (more favourable/less favourable) and a
magnitude (large bill/small bill) to each piece of legislation
that could be interpreted as representing a stance on abortion
rights. On the other hand, the Federal government’s approach
to restricting or encouraging the nuclear energy industry has
a natural measure which does not originate in large legislative
acts. Our approach to operationalisation is detailed in Section
V.B. Theoretically, focusing on nuclear energy policy helps
isolate the impact of protests on our outcome variable. For
the most part, nuclear energy was not a controversial policy
issue. Controversial in this context refers to the likelihood of
counter-protestors campaigning in favour of opposite policy
to an original group of protestors (or the status quo). Protests
regarding nuclear energy (within our dataset) were always
against increased production, not for increased production.
Empirically isolating the impact of protestors in the presence
of counter-protestors would be difficult due to a complex
causal arrangement.
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between the first Monday of January and the first Monday
of February to both houses of the congress. Since then, the
White House Office of Management and Budget (OMB),
an executive office that directly reports to the President,
collects the funding requests of all federal executive departments (such as the Department of Energy) and independent
agencies (such as the Nuclear Regulatory Commission) and
forms a full budget proposal. This takes a couple of months.
During this period, the President, based on reviews and
recommendations by the OMB director and staff, makes
decisions about agency requests. The OMB informs agencies
of decisions, commonly referred to as OMB “passback.”
Agencies may appeal these decisions to the OMB director
and in some cases directly to the President.
As mentioned above, the OMB will collect budget requests
from all independent agencies such as the NRC. But during
the drafting period, the OMB may pressure and suggest
changes to the NRC in order to reach the overall budget target
set by the president. The OMB can change not only budget
amounts, but also budget funding sources, staff figures, and
program spending within the agencies (Weaver & Wagner,
1986).
Usually not later than six weeks after the President submits
the budget, the Congressional Budget Office (CBO) will also
publish an analysis of the president’s budget proposal or
can propose an independent congressional budget proposal.
From this point, the budget is passed on to Congress. At the
congressional stage, the budget will go past the budget and
appropriations committees of both houses. Eventually, the
differences in budget resolutions by the House and Senate
are sorted out during the reconciliation stage, and the budget
resolution bill goes back to the floor, is voted upon again,
and finally is passed on to the President who signs or vetoes
the bill.
Protests can have an effect on legislation through reelection incentives. This is only the case if elected officials
influence the budgeting process. Fortunately, there are plenty
of instances where elected politicians can influence the NRC
budget. During the bill resolution stage, funding sources
and budget composition will be discussed by both houses
separately. The House Energy & Commerce Committee, as
well as the House Interior & Insular Affairs Committee,
usually deal with bills related to the NRC. Meanwhile in
the Senate, the Environment & Public Works Committee
usually discusses budget resolutions and appropriation bills.
Elected officials help connect the opinions of the general
public to the agencies that spend tax dollars. Discretionary
budgets like the NRC’s may be sacrificed (Wagner, 1986).
Any differences in the budget resolution will be ironed out by
a House-Senate conference committee (Nuclear Regulatory
Commission, 1986). It is also during this period that the
NRC collects opinions from stakeholders or even the public
relating to its budget (Weaver, 1988).

As Figure 1 demonstrates, protest and counter-protest
turnout reinforce one another—that is, one would expect
counter-protestors to attend opposition rallies. These counterprotestors may also have an impact on legislative agendas.
Hence we have uncovered a serious empirical problem.
Counter-protestors act as a confounder. However, they are
also an outcome of our independent variable, which means
controlling for counter-protestors would reintroduce selection
bias. Nuclear energy policy avoids this dilemma as there is
little-to-no counter protesting action.
The focus of this paper is nuclear energy protests from the
late 1970s to early 1990s. We chose this time period because
(1) it begins when the NRC was founded and (2) it ends
with the limits of our dataset. As described in Section II.B.,
the literature would hypothesise a measurable effect of these
protests on policy—particularly given that these protests are
issue-specific and not tied to closely to national cleavage
structures. To study the impact on policy, we consider the
budget of the Nuclear Regulatory Commission (NRC).
A. Background
The US Department of Energy was founded in 1977.
Before that, the United States Atomic Energy Commission
regulated federal nuclear energy policy, under the Atomic
Energy Act of 1946 and Atomic Energy Act of 1954. In
1975, the Atomic Energy Commission (AEC) was split
into the Energy Research and Development Administration
(ERDA) and Nuclear Regulatory Commission (NRC) under
the Energy Reorganisation Act of 1974, in the wake of
the 1973 oil crisis. The ERDA was combined with the
Federal Energy Administration to form the US Department
of Energy which is maintained to this day (Department of
Energy, 2012). The NRC remains an independent agency
and has its own budget. The NRC “licenses and regulates
the Nation’s civilian use of radioactive materials to protect
public health and safety, promote the common defence and
security, and protect the environment.” The NRC approves
or rejects new power plants, licenses and license renewals
(Nuclear Regulatory Commission, 2018).
B. Budget and Budgetary Process
Following the Congressional Budget and Impoundment
Control Act of 1974, the US government changed the fiscal
year (FY) from July-June to October-September, in effect
as of 1977. The complete federal budget cycle required the
president to submit the budget for the following fiscal year

IV. A M ODEL OF L EGISLATOR B EHAVIOUR
Taking a step back, we want to identify the incentive
structure by which protests can affect policy. We choose to
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do this through a simple game-theoretic model, which takes
a number of exogenous observations and predicts whether a
certain collective action event can cause legislators to deviate
from their preferred policy. After doing so, we will attempt
to find empirical evidence to suggest that protests can affect
legislative change within the context of anti-nuclear energy
protests in the US between 1977 and 1993.

The matrix is set up between two players, the median voter
and the median legislator. Because the true preferences of the
median voter are unknown to the legislator as mentioned, he
assigns some probability, p, that the median voter prefers
replacing the status quo with some new policy A, and hence
1 − p that they prefer SQ. If the median voter does truly
prefer SQ this will be revealed by the legislator being
reelected between the two periods. The median legislator
would derive utility D from maintaining the SQ in t1 , in
addition to acquiring utility from re-election and the SQ in
t2 , discounted by 0 < β < 1. Here, we assume the median
legislator is reelected as their preference of maintaining the
SQ is congruent with the median voter’s. On the other hand,
if the legislator implemented new policy A when the median
voter prefers the SQ, they would have a payoff of 0, deriving
no utility from maintaining SQ in either period or from being
reelected as their policy preferences are no longer congruent
with the median voter’s.
If the median voter prefers policy A and the median legislator maintains SQ as their strategy, the legislator derives
utility D in period t1 and t2 and does not acquire R in t2 as
the SQ is not the policy desired by the median voter. If it
is the case that the median voter prefers A and the median
legislator implements A, the legislator does not derive D
utility from the status quo in t1 or t2 , but is reelected in t2
with discount factor β, and thus has a payoff of βR.

A. Set-up
In contrast to much of the collective action literature which
focuses on the behaviour of collective actors themselves, we
focus solely on the behaviour of the median legislator. As
such, we attempt to model how the median legislator reacts to
some exogenous level of collective action, and then discuss
its potential impact on policy changes.
Assumption 1: The median legislator is officeseeking and hence derives utility R > 0 from being
reelected.
In a similar fashion to the Downs (1957) model of electoral
competition, we assume the legislator is office-seeking—
i.e., she derives satisfaction from enacting policies preferred
by the median voter as it begets reelection. However, in
the presence of collective action, the legislator’s problem
is one of asymmetric information, specifically, the preferences of protestors may (or may not) be congruent with
the unknown preferences of the median voter. “Collective
actors” are defined as some subset of the electorate who
physically engage in protestation. Crucially, the preferences
of collective and non-collective actors can be congruent,
but non-collective actors do not express their views through
protesting. Therefore, we assume that the median voter, who
may or may not be a collective actor, may still have similar
preferences to those collectively acting.
Assumption 2: The median legislator always derives utility D > 0 for maintaining the status-quo,
SQ.
Per assumption 2, the median legislator not only receives
a payoff R > 0 for being reelected from assumption 1,
but also derives a payoff D > 0 for maintaining SQ. We
further assume two time periods, t1 and t2 , and that policy
decisions at the end of t1 are binding in t2 . Therefore, the
median legislator’s only choice is between maintaining the
status quo, SQ, or choosing some new policy, A, and the
median legislator cannot revert back to the status quo. The
timing of the game is as follows:
1) In t1 , the legislator receives utility D > 0 from the SQ
ex ante, assigning some probability p that the median
voter prefers a change of policy to A.
2) Collective actors protest against SQ for policy A in
between t1 and t2 .
3) The legislator, according to their probability assignment, chooses to maintain SQ or alter policy to A.
4) In t2 , the legislator faces a new election, where they
are either reelected or punished by the median voter.
Table 1 shows the payoffs for the legislator under all
possible scenarios over both periods.

B. Optimised Strategy
As shown, the legislator’s problem stems from whether
the legislator can effectively determine the probability that
the median voter prefers either the policy which is being
demanded by collective actors, A, or prefers SQ. One can
represent strategies by their expected payoffs to the legislator.
E[u|SQ] = (1 − p)[D + β(R + D)] + pD
E[u|A] = pβR

The legislator will choose to implement a new policy A
if they expect to receive a greater payoff. Specifically, if p
satisfies:
E[u|A] ≥ E[u|SQ]

pβR ≥ (1 − p)[D + β(R + D)] + pD
D + β(R + D)
=C
p≥
β(2R + D)

(1)

By expressing p in terms of the strictly exogenous variables R, D, and β we can engage in comparative statics to
analyse how changes in the exogenous variables affect the
cutoff C for p. The cutoff C is simply the minimum value
of p such that the legislator will always choose policy A.
Proposition 1: As D increases, this will subsequently increase the legislator’s cutoff, C.
This makes intuitive sense because as the payoff for
maintaining SQ increases, the legislator will be less likely
to implement A, ceteris paribus.
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Proposition 2: As B decreases, this will subsequently increase the legislator’s cutoff, C.
This also makes intuitive sense because the payoff for
reelection is always discounted by β and the payoff for
playing A is always entirely discounted.
Corollary 1: The legislator will only change SQ
when p is sufficiently high and βR > D.
Using Equation 1 and Table 1, we can infer that, by
construction, the probability that the median voter prefers
A must be high. This foundation means smaller protests will
likely be ineffective in swaying policy generally. Additionally, from Equation 1, it is again intuitively apparent that
the legislator will only change policy when the total utility
derived from re-election in t2 must be greater than the utility
derived from maintaining SQ in either t1 and/or t2 .

assumptions, and by subsequently setting p = 0.5, the
following cannot be true:
E[u|A] > E[u|SQ]
pβR > (1 − p)[D + β(R + D)] + pD
βR > βR + D(β + 1)

As θ begins to increase, p increases at a less than proportional rate. This is a reflection of the legislator’s knowledge
that the first protestors to engage in collective action will be
ideological extremists. Hence, he can discount the likelihood
that this set of participants includes the median voter. As a
higher proportion begins to protest, the marginal effect of
each new participant increases at first. This relates to both the
increase in the probability of finding the median voter within
the protesting group, but also potential cognitive biases from
large and disorderly demonstrations. If the gradient was
linear, decently large values of the cutoff—which is common,
as discussed in Section IV.B.—would imply millions of
protestors taking to the streets in countries such as the United
States. Of course, in decently large protests, politicians can
extrapolate that not all people holding some view are necessarily protesting. Larger discounting of the initial protestors
causes the curve to shift rightwards, as shown in Figure 2.
At some level θ1 , the implied probability grows larger than
the cutoff and the policy maker will derive a higher expected
payoff from playing policy A. Note, we are not saying that
the implied probability is an accurate representation of the
true probability, rather it is one formed by the legislator—and
hence is open to limited rationality extensions. This means
we arrive at a final model with exogenous variables θ, β, R
and D which can predict whether or not a protest can affect
legislative change. We will discuss potential extensions in
Section VI.

C. Endogenising p
Drawing on the work of Yin (1998) we attempt to further
model p with regard to threshold behaviour. Only after
protestors have engaged in collective action will the legislator
infer their estimation for p, the median voter preference for
A or SQ. The threshold from the perspective of the median
legislator can be defined as the proportion of the electorate,
θ, they would have to see participating in collective action
to determine the increase p above the cutoff. This means the
legislator observes the proportion of the electorate protesting
and updates his estimation of p. If the updated value satisfies
the inequality in Equation 1, the legislator will implement
policy A. The assumptions of functional form p = f (θ) are
important in modelling legislator behaviour. First, assuming
all protestors are advocating for the same policy change, if
θ = 0.5 the legislator can be sure of the median voter’s
position. Hence:

p(θ) =

(

<1
1

if θ < 0.5
if θ ≥ 0.5

V. M ETHODOLOGY

(2)

A. Expectations
Drawn from the literature and our formal model, there are
two hypotheses to set out ahead of the empirical findings: (1)
We expect increased turn-out for anti-nuclear energy protests
to be associated with greater funding for the NRC in the
following budget year, and (2) Major nuclear disasters will
amplify the impact of anti-nuclear energy protests on the
NRC budget by legitimising the concerns of protestors.

Note, it is not necessarily the case that if p = 1 then the
legislator will choose A, only if βR > D. What can we say
about p(θ) when θ < 0.5? In this paper, we will assume an sshaped curve. The behaviour of the function is best described
visually using Figure 2.
Proposition 3: Assuming there is no signaling and
the legislator sets p = 0.5, the legislator will never
choose policy A.
When no one protests, the legislator has no information
to update his assessment of the median voter. Given our

B. Data
By utilising the metadata associated with protests recorded
in our dataset, we can isolate those protests which relate
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and is sourced from the Nuclear Energy Institute.2 Finally,
for nuclear disasters we include all level four and above
“accidents” as defined by the International Nuclear Event
Scale (INES) of the International Atomic Energy Agency
(IAEA). Only the Chernobyl and Three Mile Island incidents
constitute nuclear disasters. Negotiating periods within which
a disaster took place are tagged using the major disaster
dummy variable.

directly to nuclear energy. To calculate the total number of
protestors that could influence each budget of the NRC, we
summed total turnout1 at all protests over the budget’s “renegotiation period.” We defined the renegotiation period as the
time between when the relevant budget was confirmed and
when the previous budget was confirmed. This is normally
around a year, but varied by a small amount.
Discussed further below, we need data sources for three
control variables: (i) public opinion about nuclear energy,
(ii) total nuclear energy production, and (iii) major nuclear
disasters. To gauge public opinion we proceed by mirroring
the approach of Bolsen and Cook (2008). Participants were
surveyed regarding their support for building new nuclear
power plants in the United States. Between, 1977 and 1990
the survey was conducted by Cambridge Reports National
and participants could answer “in favor,” “against,” or “don’t
know”. We take the mean “in favor” percentage over the
renegotiation period to act as our measure of public opinion.
From 1990 onwards, surveys were conduct by Time/Cable
News Network/Yankelovich and participants had more options to choose from. We combine “strongly in favour” and
“somewhat in favour” to measure public opinion over this
time period. This discontinuity causes a small jump in public
opinion but due to the short nature of the data, it is difficult
to correct for differences in survey methodology.

C. Analysis
To isolate the impact of protests on the NRC’s budget, we
follow two paths. The first is an analysis of trends, focusing
on a qualitative interpretation of summary statistics and
correlations. The second uses regression analysis to attempt
to isolate the linear effect of protests over time.
To begin, Table 2 shows the change in the NRC’s budget
in thousands of dollars for every financial year (FY) between
1977 and 1994, alongside the total number of protest participants during each negotiation period. The largest changes in
the NRC budget take place near the beginning of our sample
until 1987, generally coinciding with the largest protest
turnouts. This heightened variability in our observations is
likely a result of the increased pervasiveness of nuclear issues
during this period.
Figure 3 provides two naive representations of the relationship between changes in the NRC’s annual budget and
(the natural log of) protest turnout during the corresponding
renegotiation period. The first includes all 17 data points

Total nuclear energy production is measured in MWh

1 Estimated or exact depending on data availability, see: https://web.
stanford.edu/group/collectiveaction/cgi-bin/drupal/

2 Available
at:
https://www.nei.org/resources/
statistics/us-nuclear-generating-statistics
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to problems of selection bias. Unfortunately, the method
of including a lagged dependent variable also introduces
endogeneity into the model, and hence our estimates are
biased nonetheless. Endogeneity, generally, refers to correlatedness between the included regressors and residuals,
meaning our parameter estimates are biased (the expectation
of our parameter estimate is not equal to the true parameter). Fortunately, in the absence of serial correlation in our
residuals—i.e., correlatedness between consecutive residuals
over time—regressions with lagged dependent variables are
asymptotically justified: limn→∞ β̂AR = β. Simply, with a
large enough sample, the parameter estimate will tend to
the true paramenter. Unfortunately, because budget renegotiations take place once a year and our dataset is limited in
length, we have 17 observations after losing one observation
to the one year lag. It is not valid to rely on asymptotics,
or perhaps regression analysis more generally, with such a
small sample. Hence the inclusion of descriptive statistics as
a supplement.
To test for autocorrelation, and hence asymptotically justify ordinary least squares (OLS) as an estimation technique,
we employ Durbin’s alternative test with one lag, a variant of
the Durbin-Watson test (DW). The DW test is a test for serial
correlation which is based on the OLS residuals. Unlike the
DW statistic, Durbin’s alternative test is robust to regressors
which are not strictly exogenous, such as those with lagged
dependant variables (Durbin 1970). These, along with four
sets of regression outputs obtained using the ordinary least
squares estimation technique, are reported in Table 3. Robust
standard errors are reported in parentheses below each parameter estimate. Robust standard errors (RSEs) are robust
to heteroskedasticity—where the dispersion of the residuals
are correlated with the values of included regressors.
As is typical for regressions with lagged dependent variables, and emphasised by the small sample size, our observed
(adjusted) R2 values are exceptionally high across all four
models because the largest determinant of the NRC budget
are previous NRC budgets. These four regressions include
different variables to balance information provision and overfitting. Regression (1) is a simple regression including only
our treatment and lagged dependent variable. Unfortunately,
there is strong evidence that the residuals of this model are
correlated, meaning the OLS estimator is both biased and
inconsistent. Regression (2) includes the public sentiment
variable as a control, and we see the evidence of autocorrelation disappear. The interpretation of this is clear. Public
sentiment has an effect on the NRC budget, but is correlated
over time. When the model excludes sentiment, it causes
the residuals to correlate. Interestingly, the point estimates
effects of protestors do not change a lot between (1) and
(2) despite sentiment theoretically being a major confounder.
Regressions (3) and (4) add more control variables but also
add more risk of overfitting. None of these have major effects
on our coefficients of interest, and are not significant at
any conventional significance level. Therefore, we can pick
(2) as the regression that balances substantive interests and
overfitting.

with a least-squares line of best fit where we observe a
strong positive correlation. The second plot omits years that
coincided with major nuclear energy disasters—specifically
Chernobyl and Three Mile Island. This diminished the
strength of the correlation. This may suggest that protests
influence nuclear energy policy only if they are reinforced by
an exogenous disaster—legitimising the worry of collective
actors. If a group of protestors oppose nuclear energy because
of its potential to cause disasters and a disaster occurs, it
legitimises the concerns of the protestors and potentially
increases their impact on legislative agendas. Within this
context, we would describe nuclear disasters as tools of
legitimisation.
Whether disasters act as a channel/tool of transmission, or
as a simple confounder is a matter of interpretation. While
our observational analysis interprets disasters as tools of
legitimisation, our regression in the following section, will
interpret these as confounders.
D. Regression Analysis
Our full regression model is specified as follows:
RealNRCBudgett = α + γ1 RealNRCBudgett−1
+ β1 Protestorst + β2 Protestorst−1
+ β3 NuclearOutputt
+ β4 PublicOpiniont
+ β5 MajorDisastert−1 + t
Given the nature of the budgetary process, we use a
regression model with lagged dependent variables, regressing
the budget in time t by the budget in t − 1. This is because
we assume that the previous budget determines a large
proportion of the budget in the following year, but also
determines protests in the following year. If we excluded the
lagged budget variable, we would be exposing our analysis
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Our estimate for the coefficient on total protestors during
the corresponding and previous negotiating years is around
0.15 and 0.07 respectively. This means, every additional
protestor increases the NRC budget around $220 in expectation over two years, holding all other included regressors
constant. We reiterate that these point estimates are unreliable, given the low sample size in an asymptotically justified
estimation procedure.

VI. D ISCUSSION
This paper first attempts to create a simple formal model
for estimating whether or not a protest will or will not affect
legislation. While this model applies well to applications
with two categorical policy alternatives, it could certainly
be extended to policies with multiple or continuous options.
In terms of empirical observations we draw two conclusions.
First, from observational statistics, we hypothesise that the
effect of protests can be augmented by nuclear disasters. That
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is, a nuclear disaster can be used as a tool of legitimacy
for protestors—providing evidence that the motivations for
their actions are justified. Using a regression model with
lagged dependent variables, we formulate an estimate of
the impact of an additional protestor on the NRC annual
budget. In expectation, a single protestor increases the NRC
annual budget around $220 over two years, holding other
regressors constant. Unfortunately, this estimation is only
justified asymptotically, which is impossible within our limited sample. This study could therefore be extended through
the inclusion of different data sources to widen the period
of study.
In sum, this paper adds to the body of collective action
literature both formally and empirically by producing a
model that characterises the conditions which may lead
to legislative change and finding empirical evidence that
protests can affect policy. Future work could build upon this
study to expand the model and scope of empirical work to
larger datasets with more observations.
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The Efficacy of State-Level PrEP Access Programs: A Tale of Two
States
Noah Zwiefel
Macalester College
addresses more of the factors behind slow take up, and a
less comprehensive program which covers more of the costs
of the drug. Knowing these details is an essential first step
in determining where states ought to focus their efforts to
increase PrEP takeup.
In this paper, I examine New York and Washington, both
states that launched programs designed to increase the uptake
of PrEP at the beginning of 2015. These programs vary in
comprehensiveness. New York’s program consists of several
components, including provider outreach and a marketing
campaign; meanwhile, Washington’s program merely provides free PrEP to individuals certified by a doctor as at
high risk of contracting HIV. Using synth and a differencein-differences analysis, I find evidence that New York’s
comprehensive program was associated with an increase of
5,000-6,000 prescriptions between 2014-2016, while Washington’s program resulted in an increase of at most 700-900
prescriptions over the same time frame, suggesting that New
York’s more comprehensive program was more effective at
increasing PrEP prescriptions.
In this paper, I utilize the term MSM, which refers to men
who have sex with men. I also utilize the term risky sexual
behavior, which refers to any sexual behavior that increases
the risk of contracting HIV, such as condomless sex. This
differs from being in a “high risk” group, which refers to
an individual that either behaves in risky sexual behavior,
or uses IV drugs. I use the term low risk sexual behavior to
refer to any sexual behavior that has a relatively lower risk of
contracting HIV, such as any form of sex with a condom, or
oral sex. Finally, I use the term PrEP to refer to the patented
pre-exposure prophylaxis drug Truvada developed by Gilead
Sciences, and PrEP-AP (pre-exposure prophylaxis access
program) to refer to any state-health department administered
program designed to increase the take up of PrEP.

Abstract— Pre-exposure prophylaxis (PrEP) reinvents what
we know about HIV prevention by nearly eliminating the
risk that an individual will seroconvert after exposure to HIV.
Uptake, however, has been slow in many areas where it would be
most beneficial. In recent years, several states have introduced
programs designed to increase PrEP uptake. Some, as in
Washington, focus only on decreasing price; others, such as
in New York, focus on addressing other factors, such as a lack
of awareness of PrEP among potential patients, and lack of buyin from providers. In this paper, I use synth and differencein-differences to examine the efficacy, in terms of increased
PrEP prescriptions, of New York and Washington’s PrEP access
programs. I find relatively weak evidence that Washington’s less
comprehensive program was associated with at most 700-900
new prescriptions between 2014-2016, and stronger evidence
that New York’s more sweeping program is associated with an
increase of between 5,000-6,000 prescriptions.

I. I NTRODUCTION
In 2012, the FDA approved Truvada, a patented drug
developed by Gilead, as a pre-exposure prophylaxis (PrEP)
for HIV infections. This is a single pill, taken daily, that
under perfect adherence reduces the risk of contracting HIV
by 99% (Anderson, 2012). This drug is posed to recreate
what we know about HIV prevention—a new ‘wonder-drug’
(Charlton, 2014) that could completely eliminate HIV in
the United States if taken correctly and by enough people.
However, take up of this drug has been slow in many areas.
Currently 1.2 million people are classified by the CDC as
at high risk of contracting HIV. Meanwhile only 78,000
Americans—mostly located in coastal, relatively prosperous
states, where the risk of contracting HIV is comparatively
low—are taking this drug (AIDSVu, 2016).
There are many reasons behind slow PrEP takeup, including cost (Luthra, 2018), given that a 30-day supply has a
list price of $1,600 a month. This cost is partially subsidized
by the manufacturer, Gilead, however gaps remain, as this
program has a cap on benefits. Thus, many states, such
as New York, Colorado, Illinois, and Washington, have
introduced programs that cover costs associated with this
drug. However, these programs vary in what resources are
dedicated to addressing the other factors behind slow take
up, including a lack of awareness of PrEP, stigma, and a
lack of access to willing prescribers.
There has been no research surrounding the
effectiveness—in terms of increased PrEP prescriptions—of
these state-level programs. Furthermore, there has been no
research that compares the relative effectiveness of a more
comprehensive program, which covers less of the costs but

II. L ITERATURE R EVIEW
A. Reasons Behind Slow PrEP Takeup
Much of the literature surrounding the reasons behind slow
PrEP take up is survey based, and can be divided into four
general categories.
The first reason is a knowledge gap, which is when
individuals are unaware of PrEP and its benefits. Survey
data finds this reason is particularly prevalent among those
with low income or limited education (Strauss, 2017), those
who live outside of major urban centers (Cohen, 2015), and
women (Auerbach, 2015)—the exact groups that have the
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lowest take up rates. Public health centers can address this
through education programs (Raifman, 2017). However, such
programs are not widely implemented and many individuals
are uncomfortable speaking to a care provider about their
risky sexual behaviors (Patel, 2018).
Second, stigma is repeatedly cited in the literature as a
major factor behind individuals choosing not to take PrEP
(Calabrese & Underhill, 2015). AIDS and HIV have long
been associated with MSM, promiscuity, and drug use; it
is only logical that a drug that prevents HIV would also
become associated with those groups. Survey data finds that
this stigma is equally prevalent among both low and high
risk groups (Golub et al, 2018) including women (Auerbach,
2015) and most MSM (Fisher, 2018), particularly those
that are uneducated, poor, or non-white (Golub et al, 2017;
Mustanski, 2018)—once again, demographic groups that are
prevalent in areas with low PrEP takeup.
Third, assuming an individual overcomes this stigma, they
may be unable to find a provider willing to prescribe this
drug. PrEP requires regular blood testing and checkups to
ensure that rare but significant side effects are not occurring.
This is exactly the kind of drug that primary care providers
should be prescribing, yet many report that they are uncomfortable providing this drug (Turner, 2018; Krakower 2014;
Bil, 2018), particularly in the South (Siedman, 2016), an
area with relatively few individuals on PrEP. Many providers
have concerns about potential side effects (Arnold, 2012), in
addition to a fear of risk compensation (Calabrese, 2018;
Bil, 2018; Karris, 2014; Puro, 2013; Turner, 2018), a theory
that implies that an individual has a preferred risk level, and
will perform substitutions to reach this level of risk. In this
case, providers fear that individuals will stop using condoms
when having sex, given that the risk of contracting HIV is
eliminated. This puts them at a much higher risk of other
STIs, which in turn reduces the cost effectiveness of PrEP,
potentially disincentivizing states and insurance companies
from providing this drug (Calabrese & Underhill, 2015).
There is some anecdotal, survey-based data which suggests
that PrEP may increase risky sexual behaviors (Strauss, 2017;
Brooks, 2012; Golub, 2010). However, many blind laboratory
studies and meta-analyses observe no risk compensating
behaviors (Fonner, 2016; Freeborn, 2018; Liu, 2013); individuals that were taking part in risky sexual behavior
before taking PrEP continued after beginning the drug.
In other words, in contrast to survey-based studies, blind
studies imply that being on PrEP by itself does not increase
the likelihood that an individual will take part in risky
sexual behavior (Grant, 2014; Grov, 2015; Perez-Figueroa,
2015). This disparity may be caused by the blind nature
of laboratory studies, given that the individual is unaware
if they’re taking PrEP or a placebo: ambiguity may impact
their risk compensating behaviors (Myers, 2013). Further,
it is possible that individuals could be taking part in risky
sexual behavior post-PrEP while taking part in a laboratory
study, but not reporting it. These concerns surrounding risk
compensation impact prescribing descriptions, with some
providers refusing to prescribe PrEP when asked by their

patients (Patel, 2018; Puro, 2013), serving as yet another
driver of low PrEP take up.
Finally, cost is a major factor (Karris, 2014; King, 2014;
Paltiel, 2009). Going to the doctor is expensive, and this drug
is expensive (Luthra, 2018). Because it is a patented, brand
name drug, many commercial prescription drug insurance
plans charge a higher copay. Surveys find that individuals
at high-risk of contracting HIV report interest in PrEP, were
it provided for free (Fisher, 2018), and when it is provided
for free, uptake increases (Grant, 2014). However, at current
prices providing the drug for free to all high risk groups
would cost governments nearly $85 billion, and this is only
for the drug (Vassall, 2013); regular blood work is required
for PrEP. It is implied that the cost of these blood tests
is a bigger barrier for the uninsured than the costs of the
medication, given that manufacturer assistance is available
for the drug itself (Chan, 2016; Leibowitz, 2011).
B. Background of PrEP Assistance and Access Programs
Gilead, manufacturer of Truvada, has an assistance program which has two components: a component that covers
drug copays for the privately insured, and a component that
provides the drug free of charge to “qualifying” individuals,
i.e., the uninsured (Gilead, 2018). Neither component covers
any costs associated with the aforementioned blood tests or
doctors visits. Furthermore, the benefits are quite limited,
as the copay assistance provided a maximum of $4,800 in
benefits a calendar year over the timeframe of my data. This
could leave a significant gap, given that actual copay need
may be several orders of magnitude higher.
Given the gaps in Gilead’s program, several states have
launched assistance programs designed to help individuals
cover the costs of PrEP. These states include Washington, New York, Colorado, Illinois, and Massachusetts. Both
Florida (Straube, 2018) and California (California Department of Public Health, 2018) plan to introduce comprehensive PrEP cost coverage programs in 2018. These programs
often provide benefits for both the insured (in the form of
deductible and copay assistance) and the uninsured. However, these programs differ in what resources are dedicated
to addressing the other factors behind slow take up. In this
paper, I focus my analysis on New York and Washington,
since these states implemented PrEP-APs at the same time.
Each of these PrEP-APs had a different focus and set of
programs: I briefly describe these differences below.
1) New York State: After Andrew Cuomo declared HIV
an epidemic in New York state in 2014 (NY State Dept of
Health, 2018), a set of programs were implemented with the
goal of increasing access to, and awareness around, PrEP.
One program utilized provider outreach: the Department of
Health sent a packet of information to providers in New
York City that included instructions on when and how to
provide PrEP, access to workshops, pamphlets, and Medicaid
billing codes for PrEP and PrEP services (Daskalakis, 2014).
Another program focused on patient outreach, with social
media campaigns, poster campaigns (Daskalakis, 2014), and
a series of advertisements at bus stations across NYC (Filson,
55

given that any amount can be provided at the list price. If
all else is held constant, let these state assistance programs
reduce the price of the drug from current equilibrium price
P1 to new equilibrium price P0. This causes a shift in the
supply curve, which leads to a movement along the demand
curve, increasing the quantity demanded (or, in other words,
prescriptions) of PrEP, as illustrated in Figure 1.
However, because of the knowledge gap, stigma, and lack
of providers in some areas, the demand curve among groups
at high risk of contracting HIV may be more inelastic. This
implies that the quantity demanded might not increase as
much as one might expect, or in the extreme, by none at all.
This situation is displayed in Figure 2.
Fig. 1: Theoretical change in quantity when price falls from
P1 to P2 = 0.
2016; Bellafante, 2015). Beyond these outreach campaigns,
New York state implemented a program which covered the
cost of blood work for the un- or underinsured. The costs
for the drug itself were not eligible for state reimbursement;
providers were required to enroll patients into private insurance, Medicaid, or Gilead’s program, depending on their
income and need (New York State Dept of Health, 2016).
As of March 2016, 360 individuals had requested coverage
for blood-work related expenses (Fuller, 2016).
2) Washington State: Washington’s PrEP-AP began in
April of 2014. The purpose of this program was to provide
free PrEP to those that had been certified by a doctor as likely
to contract HIV, based on their self reported behavior (End
AIDS Washington, 2016). Individuals are referred first to
Gilead and Medicaid for coverage of costs (Aleshire, 2017).
Any costs that remain in terms of co-pays from doctors
appointments, blood tests, or the drug are fully covered by
Washington’s program. Once on the program, there are no
costs associated with either the drug or the blood work for
the participants. As of December 2015, this program had
639 participants (Aleshire, 2016). While more generous than
New York, in terms of its financial benefits for participants,
Washington’s program did not include a coordinated outreach
campaign targeted at providers, public health centers, or
patients.
There has been no research into whether or not New
York and Washington’s PrEP programs increased the number
of prescriptions relative to comparable states. Furthermore,
there has been no research surrounding the respective effectiveness of these programs, given that New York’s program
was more comprehensive, while Washington’s was more
generous.
In this paper, I provide evidence of the relative efficacy of
these two programs, as evidenced by a synthetic control and
a difference-in-differences analysis.

(a) Slightly Inelastic Demand

(b) Perfectly Inelastic Demand

Fig. 2: The change in PrEP prescriptions after PrEP-AP
depends on the elasticity of the demand curves.
Furthermore, there are costs associated with the regular
blood tests needed for this drug that and costs associated
with the amount of time needed to enroll in these programs.
These costs may not be reimbursed under a state’s assistance
programs. Given these details, the true price for Truvada
may not actually become zero, as illustrated in Figure 3.
This results in a situation where the equilibrium quantity
may increase by only a slight amount, even if demand is
somewhat elastic.
Given these underlying factors, it seems possible that any
change to the prescription patterns could be nearly imper-

III. T HEORY
I assume that the marketplace for PrEP can be described as
a simple demand and supply market. Generalizing broadly, I
assume that the supply of PrEP in a state is perfectly elastic,
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Fig. 3: The true ‘price’ of PrEP after the introduction of a free PrEP program may not be zero, depending on what other
costs are associated with acquiring this drug.

(a) State with PrEP-AP

(b) State Without PrEP-AP

Fig. 4: The impact of the PrEP-AP may be rather small if only the list price of the drug is considered when developing a
PrEP-AP.
ceptible or non-existent, depending on the state’s market, as
illustrated in Figure 4.
Components that are included in these programs which address other factors, beyond cost—such as provider outreach,
or advertising PrEP to the general public—may cause the
demand curve to both shift out and become more elastic.
More individuals become aware of PrEP and its benefits,
and thus more individuals are willing to purchase PrEP at
any price. As a result of this shift, the equilibrium quantity
could be much larger at the same equilibrium price, as
demonstrated in Figure 5.

generate synthetic versions of New York and Washington
with no PrEP-AP.
To do this, I utilize the synth module in STATA. This module calculates the weighted-average of PrEP prescriptions in
a group of states that are theoretically comparable to the
treated state, aside from their treatment status (McClelland,
2017). These states are picked via a mathematical algorithm
that matches states based on how closely they match the
pre-treatment trends, in addition to a set of control variables
(McClelland, 2017).This provides insight into the counterfactual “but-for” number of prescriptions—that is, how many
PrEP prescriptions would have been filled in New York and
Washington between 2014-2016 but-for their PrEP-AP.

IV. E MPIRICAL A PPROACH
Because of the large heterogeneity between states, no
single state will have the characteristics ideal for a meaningful control group. Thus, I utilize a method used by Abdie
(2010) and thoroughly described by the Urban Institute
(McClelland, 2017), which builds a weighted average “nontreated” control version of the state. I use this approach to

As an additional robustness check on my synth results,
I utilize an Ordinary Least Squares regression, with a
difference-in-differences estimation strategy. My regression
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V. DATA
Ideally I would have a complete and accurate monthly
census of PrEP prescriptions pre- and post- implemen- tation
of the PrEP-AP, as synth performs best when significant
amounts of data are available pre-treatment (McClelland,
2017). To ensure that my synthetic control is composed of
states that are roughly comparable in terms of their PrEP
policies, I would have data on how much each state spent
promoting PrEP, a measure of access to prescribers, some
measure of how aware individuals are of PrEP, and a measure
of how often individuals visit a public health center. Each of
these serves as an important indicator of how homogenous
states are in their public health policies towards PrEP, thus
enabling synth’s donor-state matching algorithm to select
appropriate states and weights to build an ideal weightedaverage synthetic control. Unfortunately, much of my ideal
data is inaccessible, given the time and budget constraints of
my paper.
Instead I have state level data on PrEP prescriptions from
AidsVU (2018). To build my weighted-average synthetic
counterfactual, I use the percent of the population 25 years
of age and older with a bachelor’s degree as a proxy of
the knowledge of PrEP, since more highly educated people
are more likely to know about PrEP. I use a count of
clinics which received Ryan White HIV/AIDS grants per
100,000 residents in a state (Health Resources & Services
Administration, 2017) as a rough proxy for how accessible
PrEP is within a region, as well as a measure of how
much each state spent promoting PrEP. As a measure of
how accessible healthcare in general is, I use the number of
licensed doctors per 100,000 residents, as reported by the
Association of American Medical Colleges odd-year State
Physician Workforce Data Report (2017), with a midpoint
between the two values assigned for each even year.
As a measure of how often individuals visit a public health
center, and thus how likely they are to have access to PrEP, I
utilize chlamydia infections per 100,000 residents as reported
by the CDC (2017). Such a measure may be problematic
given that individuals on PrEP are theoretically more at
risk for chlamydia, given that risky sexual behaviors might
increase post-prescription. However, it is the best proxy given
my data constraints—I would prefer to use some form of
survey based data, but such data does not exist.
As demographic controls, I utilize the unemployment rate,
median income, the population of an area, and racial characteristics, all retrieved from GeoFRED (St Louis Federal
Reserve, 2018). Unfortunately, given Washington D.C.’s relatively small sample size, I was unable to acquire a consistent,
accurate, annual estimate of the racial characteristics of
Washington D.C. Instead, I assume that it remained constant,
and use the 2010 Census data on race.
My summary statistics are presented in Table I.
Figure 6 shows PrEP prescription rates by state, before
and after these PrEP-APs were implemented. Prescriptions
grow nationwide over this period, and thus it is difficult to
say whether or not these programs had a measurable impact.

(a) State Without Consumer Outreach

(b) State With Consumer Outreach

Fig. 5: The impacts of the PrEP-AP may be greater if other
factors behind low PrEP takeup (such as lack of consumer
knowledge) are addressed.
is defined below for New York:
Yit = β0 + β1 Is New Yorki + β2 Post2014t
+ β3 Post2014t ∗ Is New Yorki + β4 Xit + it

(1)

and Washington:

Yit = β0 + β1 Is Washingtoni + β2 Post2014t
+ β3 Post2014t ∗ Is Washingtoni + β4 Xit + it (2)

where Yit is the PrEP prescription rate per 100,000 residents
in state i during year t, β1 is the coefficient on a dummy
variable indicating whether or not it is a state of interest (i.e.,
New York or Washington, depending on the regression), β2
is the coefficient on a dummy variable indicating whether or
not we are the post-program implementation timeframe, β3
is the coefficient on the interaction term between these two
terms, β4 is a vector of coefficients on a group of control
variables for a state, and it is an error term for state i in
year t. The interaction term—β3 —will provide insight into
whether or not these programs are associated with an increase
in prescriptions.
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VARIABLES
# of Ryan White AIDS Grant Recipients per 100,000
% of population with Bachelor Degree
Unemployment Rate
Median Income
Chlamydia Cases per 100,000
PrEP Prescriptions per 100,000
Providers per 100,000
Population
% of population that is black
% of population that is hispanic
% of population that is white

N
240
240
240
240
240
240
336
336
287
287
287

mean
3.123
29.57
5.9
55,151
465.4
12.43
268.8
6.06E+06
0.0818
0.0853
0.786

sd
3.252
6.125
1.682
9,320
229.7
22.86
101.9
7.14E+06
0.106
0.0926
0.147

min
0.831
18.6
2.683
32,338
138.7
0
176.4
547,637
0.00197
0.00955
0.43

max
20.51
56.8
11.17
76,260
1,310
268
879.1
3.93E+07
0.415
0.481
0.968

TABLE I: Summary statistics.

(a) Pre-PrEP-AP Implementation

Fig. 7: PrEP prescription trends over time.

(b) Post-PrEP-AP Implementation

Fig. 6: PrEP prescriptions per 100,000 before and after
implementation of PrEP-AP in New York and Washington.

As we see in Figure 7, post PrEP-AP implementation in
New York and Washington, prescriptions increased overall,
but particularly when compared states that had no formal
PrEP-AP. Assuming all else was held constant, this implies
that the PrEP-AP program increased PrEP prescriptions.
However, any conclu- sions that can be drawn are limited. It is likely that there are fundamental differences in
how each state approaches sexual health in general. Such
differences limit our conclusions about the impact of each
state’s PrEP-AP, unless we use a set of comparable states,
or an appropriate set of control variables. In other words, a
visual inspection ignores the fact that many of these states
are not comparable to New York or Washington, given the
heterogeneity among states.
In terms of which PrEP-AP was more efficacious, it
appears in Figure 8 as if New York had a greater increase in
PrEP prescriptions per 100,000 post-program implementation

Fig. 8: PrEP prescription trends over time in Washington and
New York.
when compared with Washington. Of course, this approach
is a rather naive approach, given that we are controlling
for nothing; thus a more thorough econometric analysis is
needed.
VI. R ESULTS
A. New York
1) Synth: I first estimate synthetic New York as a function
of the PrEP prescription rate in New York in 2014, the
number of cases of chlamydia, the number of prescribers and
Ryan White AIDS grant receiving public health organizations
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presented in Figure 10. The weight that synth has assigned to
the predictors is listed in Table IV. Regardless of the number
of lags I use, the majority of the weight used to pick donor
states is placed on states with similar pre-treatment PrEP
prescription rates.

per 100,000 residents, the raw population, the percent of the
population with a bachelor’s degree, the median income, the
unemployment rate, and the percents of the population which
are white, black, and hispanic. I exclude Washington, Illinois,
and Colorado as potential donor states, given that these states
all had PrEP-APs which were introduced over the timeframe
of my data. The results of this estimation are displayed in
Figure 9.

Fig. 10: Comparing synthetic New Yorks calculated with
different combinations of lags.
Fig. 9: Comparing counterfactual New York with no PrEPAP to actual New York with PrEP-AP.

It appears as if the number of lags does impact the results
slightly; however, it is essential to note that there is only
one synthetic New York which predicts no change post
treatment—synthetic New York with 2 lags. We can discredit
this portrayal of counterfactual New York, given the fact that
Massachusetts is excluded as a donor state. The exclusion of
Massachusetts seems peculiar, given Massachusetts’ cultural
similarities to New York and its nearly parallel trends in PrEP
prescriptions pre-treatment. Further weakening this model
is the inclusion of Utah, which seems to be an inappropriate choice of donor state, given New York and Utah’s
cultural and behavioral heterogeneity. The contrast between
Massachusetts and Utah in terms of PrEP prescriptions is
illustrated in Figure 11. I thus believe that counterfactual
New York with 2 lags is an inaccurate representation, and
ought to be discounted.
I next examined how my synthetic control model was
impacted by removing predictors from my 1 lag model.
The results are presented in Figure 12 below. The number
of predictors do slightly change my results, however, all
synthetic New York’s still imply that this program increased
prescriptions.
I present the root-mean squared prediction error (RMSPE)
for each model, as a measure of how well the synthetic
control fit prior to this program’s implementation in Table
V. The RMSPE remains relatively constant, regardless of the
number of lags or predictors I use.
I next perform a placebo test, by building a synthetic
control for each state with no PrEP-AP, using the same
inputs as in synthetic New York. I then plot the treatment
effect—that is, the difference between the actual state and its
synthetic counterpart—for each placebo in Figure 13. New
York is highlighted.
As we see (when suppressing Washington D.C., as we do

As we see, treated New York had more prescriptions
relative to synthetic New York. Based on these results, New
York’s program did, in fact, increase prescriptions more than
comparable states. The balance of this predictor is displayed
in Table II. We observe in this instance that our synthetic
control’s pre-treatment PrEP prescription rate in 2014 and
demographic break downs closely matches actual New York.
However, pre-treatment synthetic New York tended to have
fewer cases of chlamydia, a higher median income, and a
significantly smaller population.
Variable
Chlamydia Cases per 100,000
Median Income
Unemployment Rate
% of population with bachelor’s degree
Ryan White Grant Recipients per 100k
# of doctors per 100,000
% of the population that is black
% of the population that is white
% of the population that is hispanic
Population
PrEP Prescriptions per 100,000 (2014)

Treated
332.85
48823
8.116667
33.75
2.447364
348.2
0.0586113
0.8410713
0.0705602
19600000
25

Synthetic
321.2005
58340.15
8.30965
34.9251
3.143804
358.006
0.0645415
0.829006
0.0777392
5140195
24.991

TABLE II: Balance of synthetic New York.
My synthetic control is built from the states in Table III.
The two donor states with the most weight—Rhode Island
and Massachusetts—are both geographically and culturally
comparable to New York, lending credence to this counterfactual. Unfortunately, the inclusion of Georgia in synthetic
New York seems rather arbitrary: however, it is important to
note that it is assigned a weight of less than 10%.
To test the robustness of these results, I first re-estimated
synth using an increasing amount of lags: the results are
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State
Alabama
Alaska
Arizona
Arkansas
California
Connecticut
Delaware
District of Columbia
Florida
Georgia
Hawaii
Idaho
Indiana
Iowa
Kansas
Kentucky
Louisiana
Maine
Maryland
Massachusetts
Michigan
Minnesota
Mississippi
Missouri
Montana
Nebraska
Nevada
New Hampshire
New Jersey
New Mexico
North Carolina
North Dakota
Ohio
Oklahoma
Oregon
Pennsylvania
Rhode Island
South
Carolina
South Dakota
Tennessee
Texas
Utah
Vermont
Virginia
West Virginia
Wisconsin
Wyoming

0 lags + all predictors
0
0
0
0
0
0
0
0.142
0
0
0
0
0
0
0
0
0
0
0
0.348
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0.51
0
0
0
0
0

1 lag
0
0
0
0.005
0.012
0
0
0.003
0
0.089
0
0
0
0
0
0
0
0
0
0.431
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0.443
0
0
0
0
0.018
0
0
0
0
0
0

2 lags
0
0
0
0
0.235
0
0
0.177
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0.296
0
0
0
0
0
0.292
0
0
0
0
0

3 lags
0
0
0
0
0
0
0
0.142
0
0
0
0
0
0
0
0
0
0
0
0.348
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0.51
0
0
0
0
0

3 lags + no predictors
0
0
0
0
0.081
0
0
0.078
0.05
0
0
0
0
0
0
0
0
0
0
0.215
0
0
0
0
0.082
0
0
0
0
0
0.118
0
0.236
0
0
0
0.139
0
0
0
0
0
0
0
0
0
0
0

TABLE III: Donor states for synthetic New York.

Variable
Chlamydia Cases per 100,000
Median Income
Unemployment Rate
% of population with bachelor’s degree
# of Ryan White Grant Recipients per 100,000
# of doctors per 100,000
% of the population that is black
% of the population that is hispanic
% of the population that is white
Population
PrEP Prescriptions per 100,000 in 2014
PrEP Prescriptions per 100,000 in 2012
PrEP prescriptions per 100,000 in 2013
-

0 lags
0.006
0.008
0.017
0.041
0.005
0.883
0.009
0.011
0.02
0.002
-

1 lag
0.002
0
0.001
0.003
0
0.02
0.002
0.003
0.005
0
0.0964
-

2 lags
0.001
0
0
0
0
0.006
0.001
0
0.001
0
0.885
0.106
-

3 lags
0
0
0
0
0
0
0
0
0
0
0.848
0.055
0.097

TABLE IV: Weights used to pick donor states for synthetic New York.
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(a) MA and NY PrEP Trends

(b) UT and NY PrEP Trends

Fig. 11: Comparing the trends of PrEP prescriptions in NY, MA, and UT.

Fig. 12: Synthetic New York created with 1-lag and differing numbers of predictors.

(a) Placebo Test

(b) Placebo Test: Washington D.C. Suppressed

Fig. 13: Placebo test of synthetic New York.
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Model
0 lags, all predictors
1 lag, all predictors
2 lags, all predictors
3 lags, all predictors
3 lags, no predictors
2 lags and:
1 predictor
2 predictors
3 predictors
4 predictors
5 predictors
6 predictors
7 predictors
8 predictors
9 predictors
10 predictors
11 predictors

RMSPE
2.585
2.388
1.82
1.176
1.176

2) Difference-in-Differences: To further validate the results I found using synth, I utilize a difference-in-differences
approach. I exclude Colorado, Washington, and Illinois from
my dataset for this analysis, since these states launched
formal PrEP-APs over the timeframe of my data. My results
are presented in Table VI. Residual analysis indicated that
Washington D.C. appeared to be having an outsized influence
on my model, so I additionally estimated this regression
without Washington D.C. The results remain relatively unchanged, and both are consistent with the results from my
synthetic control approach. Both my synthetic control and
difference-in-differences find an increase by 2016 of between
27-31 prescriptions per 100,000 residents associated with this
program.

2.717
1.338
1.848
1.629
2.155
2.089
2.089
2.407
1.925
2.082
2.577

TABLE V: Root mean squared prediction error (RMSPE) for
pre-treatment synthetic New York.

VARIABLES
isNY1

on the right), New York by far has the largest treatment effect
of all the states included in my placebo test. Thus, my results
appear not to be the product of a calculation anomaly when
building synthetic New York, but are instead the product of
a program which actually had an impact.
As a final robustness check, I performed leave-one-out
testing, by removing the donor states that synth used to build
untreated New York, one at a time. The results are displayed
Figure 14. With the exception of Massachusetts, my synthetic
control remains relatively unchanged when I remove the
donor states. These results imply that Massachusetts has an
outsized influence on synthetic New York. Given the parallel
trends before the treatment we observe in Figure 11, I believe
these results weaken the case that this synthetic control is any
more accurate than a difference-in-differences would have
been.

Post20142
isNY*Post20143
Percent with Bachelor’s Degree
Unemployment Rate
Median Income
Gonorrhea Cases per 100k
Public Health Centers
Providers per 100k
% of population that is black
% of population that is hispanic
% of population that is white
Constant
Observations
R-squared
Adjusted R-squared
F
rss

(1)
-4.121
(5.022)
10.03***
(2.452)
27.01**
(11.66)
-0.171
(0.295)
-1.597*
(0.831)
7.40e-05
(0.000178)
0.0102
(0.0444)
0.00104
(0.00513)
0.146**
(0.0627)
40.55***
(14.22)
49.69***
(17.67)
20.07**
(9.513)
-47.25***
(17.11)

(2)
D.C. Excluded
-5.308*
(2.839)
7.109***
(0.986)
31.65***
(10.22)
0.0765
(0.165)
-0.908***
(0.327)
0.000121
(9.17e-05)
0.0531***
(0.0117)
0.00276
(0.00282)
0.0918***
(0.0197)
21.04***
(6.190)
38.18***
(7.370)
21.84***
(4.384)
-49.22***
(7.293)

240
0.555
0.531
11.15
55589

235
0.687
0.67
26.15
8609

Robust standard errors in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1

TABLE VI: Predicting PrEP prescriptions per 100,000 that
is associated with being in New York post-program implementation.
To test this difference-in-differences model, I perform a
placebo test by assigning an arbitrary treatment date of 2013,
and restricting the timeframe of my data to 2012-2014. As we
observe in Table VII, there is not a statistically significant
relationship between being post-arbitrary treatment and in
New York. This is what we would expect if this change in

Fig. 14: New York one-left-out robustness check. Massachusetts seems to have an outsized influence on my synth
results.
Given these results, I conclude that the PrEP-AP in New
York did in fact increase the number of prescriptions; however the true impact is ambiguous, and varies depending on
what combination of predictors and lags I utilize.

1 Dummy

variable indicating whether or not the state is New York
variable indicating whether or not the observation is post-2014
3 The interaction between the two previous indicators
2 Dummy
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prescriptions was actually a result of New York’s PrEP-AP.
Thus, difference-in-differences provides further evidence that
New York’s comprehensive program did, in fact, increase
prescriptions.
VARIABLES
isNY
Post2013
isNY*Post2013
Percent with Bachelor’s Degree
Unemployment Rate
Median Income
Gonorrhea Cases per 100k
Public Health Centers
Providers per 100k
% of population that is black
% of population that is hispanic
% of population that is white
Constant
Observations
R-squared
Adjusted R-squared
F
rss

(1)
-0.564
(-1.699)
3.146***
(-0.808)
8.173*
(-4.399)
-0.0801
(-0.195)
-0.175
(-0.266)
1.72E-05
(-8.55E-05)
-0.0212
(-0.0177)
0.00146
(-0.00245)
0.0568**
(-0.0259)
19.38***
(-7.162)
15.88**
(-7.862)
5.319
(-4.307)
-14.49**
(-6.446)

(a) Two-Lag

144
0.6
0.563
.
3229

(b) One-Lag

Fig. 15: Synthetic Washington.

Robust standard errors in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1

Variable
Chlamydia Cases per 100,000
Median Income
Unemployment Rate
% of population with bachelor’s degree
Ryan White Grant Recipients per 100k
# of doctors per 100,000
% of the population that is black
% of the population that is hispanic
% of the population that is white
Population
PrEP Prescriptions per 100,000 (2014)
PrEP Prescriptions per 100,000 (2012)

TABLE VII: Placebo difference-in-differences with arbitrary
treatment date of 2013 and data between 2012-2014. Predicting PrEP prescriptions per 100,000.
B. Washington
1) Synth: To compare New York’s more comprehensive
program to Washington’s less comprehensive program, I
perform the same analysis on Washington’s program. For
this synthetic control, I use a two lags of PrEP prescriptions
per 100,000: one in 2014, and one in 2012. I do this because
there is a great decrease in root mean squared prediction error
when using the two lags versus just one lag, as we observe
visually in Figure 15 and numerically in Table IX. Based on
this specification, it seems as if Washington’s program had
very little to no impact.
The balance of synthetic and actual Washington is displayed in Table VIII. Synthetic Washington and actual Washington are quite similar—more similar than synthetic and
actual New York were. Synth has built an ideal control in
this instance, thus lending more credence to these results.
The weights synth is assigning to each variable when
picking control states is displayed in Table X below. Once
again, much of the weight is placed on lagged values of

Treated
499.8
63054.5
7.583333
33.2
2.936541
265.25
0.0123335
0.1306227
0.8099318
6821606
14
3

Synthetic
496.9055
56478.53
7.047046
32.15085
1.740486
269.8519
0.0324792
0.1247186
0.8011333
7050404
14.029
3.009

TABLE VIII: Balance of synthetic Washington.
the dependent variable. The donor states are displayed in
Table XI—the states picked seem rather odd, particularly the
fact that Wyoming and Utah are assigned so much weight,
given that to the casual observer, these states seem culturally
orthogonal to Washington.
I tried varying the number of predictors and lags, the
results of which are presented in Figures 16 and 17. The
RMSPE for each specification I utilized is displayed in Table
IX. The majority of specifications have similar RMSPEs,
thus pre-treatment fit is not overly influenced by the number
of predictors or lags I use. Unlike in New York, there is
only one combination of lags and predictors which predicts
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Model
0 lags, all predictors
1 lag, all predictors
2 lags, all predictors
3 lags, all predictors
3 lags, no predictors
2 lags and:
1 predictor
2 predictors
3 predictors
4 predictors
5 predictors
6 predictors
7 predictors
8 predictors
9 predictors
10 predictors
11 predictors

RMSPE
2.775
2.099
0.005
0
0
0.215
0.204
0.111
0.206
0.1
0.091
0.091
0.091
0.015
0.003
0.008

Fig. 16: Synthetic Washington created with 2-lags and differing numbers of predictors.

TABLE IX: Root mean squared prediction error (RMSPE)
for pre-treatment synthetic and treated Washington.

Fig. 17: Synthetic Washington created with all predictors and
different combinations of lags.

Fig. 18: Placebo test of synthetic Washington.

that Washington’s PrEP-AP resulted in a measurable increase
in prescriptions. Thus, it seems more likely than not that
Washington’s program had little impact on prescription rate.
To validate this finding, I next performed a placebo test,
the results of which are displayed in Figure 18. In this case,
we observe that the treatment effect—the difference between
actual Washington and synthetic Washington—is approximately 0. These results strongly imply that Washington’s
program had very little impact on the PrEP prescription rate.
Finally, I performed leave-one-out testing in Figure 19.
As we see, Washington D.C. seems to be driving these
results; thus, it is possible that there was an impact from
Washington state’s program. However, even if we accept
these results, and exclude Washington D.C. as a donor, this
robustness check suggests that PrEP prescriptions increased
by merely 10 prescriptions per 100,000 residents. This is a
much smaller impact than New York’s program, and when
calculating the real increase in prescriptions, this number
becomes an increase of 750 PrEP prescriptions, which is
roughly the number of the number of individuals enrolled in
Washington’s free PrEP program as of late 2015 (Aleshire,
2016).

2) Difference-in-Differences: To validate these synthetic
control results, I next utilize a difference-in-differences approach to examine Washington’s PrEP program. I exclude
Colorado, Illinois, and New York, which, again, had similar
PrEP- APs launched over this timeframe. The results of
this analysis are displayed in Table XII. As with New
York, residual analysis again indicated that Washington D.C.
appeared to be having an outsized influence on my model,
so I re-estimated this model without Washington D.C. Based
on these results, the impact of Washington’s program, compared with the nation at large, was rather limited. Being in
Washington post-implementation is associated with a slight
increase in prescriptions, but this increase is not nearly as
large as that which occured in New York.
As a further robustness check, I performed a placebo
test, the results of which are in Table XIII. I utilized an
arbitrary treatment date of 2013, and restricted my data to
between 2012-2014. As we observe, there is not a statistically significant relationship between being post-2013 and
in Washington, which, in the context of my prior results,
implies that this program did increase prescriptions slightly.
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Variable
Chlamydia Cases per 100,000
Median Income
Unemployment Rate
% of population with bachelor’s degree
# of Ryan White Grant Recipients per 100,000
# of doctors per 100,000
% of the population that is black
% of the population that is hispanic
% of the population that is white
Population
PrEP Prescriptions per 100,000 in 2014
PrEP Prescriptions per 100,000 in 2012
PrEP prescriptions per 100,000 in 2013
-

0 lags
0.006
0.008
0.017
0.041
0.005
0.883
0.008
0.019
0.011
0.002
-

1 lag
0.003
0.001
0.001
0.003
0.001
0.016
0.002
0.006
0.004
0
0.0966
-

2 lags
0
0.001
0
0.001
0
0.002
0
0
0
0
0.879
0.117
-

3 lags
0
0
0
0
0
0
0
0
0
0
0.851
0.057
0.092

TABLE X: Weights used to pick donor states for synthetic Washington.

State
Alabama
Alaska
Arizona
Arkansas
California
Connecticut
Delaware
DC
Florida
Georgia
Hawaii
Idaho
Indiana
Iowa
Kansas
Kentucky
Louisiana
Maine
Maryland
Massachusetts
Michigan
Minnesota
Mississippi
Missouri
Montana
Nebraska
Nevada
New Hampshire
New Jersey
New Mexico
North Carolina
North Dakota
Ohio
Oregon
Pennsylvania
Rhode Island
South Carolina
South Dakota
Tennessee
Texas
Utah
Vermont
Virginia
West Virginia
Wisconsin
Wyoming

0 lags + all predictors
0
0
0.077
0
0.216
0.093
0
0.008
0
0
0
0
0.067
0
0
0
0
0
0
0
0
0.23
0
0
0.162
0
0
0
0
0
0
0
0
0.148
0
0
0
0
0
0
0
0
0
0
0
0

1 lag
0
0
0.072
0
0.158
0
0
0.004
0
0
0
0.119
0.104
0
0
0
0
0
0
0.312
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0.011
0
0.016
0
0
0.204

2 lags
0
0
0
0
0.183
0
0
0.101
0
0
0
0
0
0
0
0
0
0
0
0.04
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0.303
0
0.019
0
0
0.355

3 lags
0.007
0.008
0.007
0.005
0.012
0.007
0.005
0.098
0.007
0.007
0.005
0.008
0.007
0.007
0.005
0.008
0.007
0.007
0.007
0.01
0.007
0.017
0.005
0.007
0.008
0.007
0.007
0.011
0.009
0.007
0.008
0.008
0.005
0.007
0.007
0.011
0.005
0.008
0.005
0.008
0.566
0.003
0.005
0.008
0.005
0.011

3 lags + no predictors
0.007
0.008
0.007
0.005
0.012
0.007
0.005
0.098
0.007
0.007
0.005
0.008
0.007
0.007
0.005
0.008
0.007
0.007
0.007
0.01
0.007
0.017
0.005
0.007
0.008
0.007
0.007
0.011
0.009
0.007
0.008
0.008
0.005
0.007
0.007
0.011
0.005
0.008
0.005
0.008
0.566
0.003
0.005
0.008
0.005
0.011

TABLE XI: Weights on states used to build synthetic Washington.
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VARIABLES
isWA
Post2014
isWA*Post2014
Percent with Bachelor’s Degree
Unemployment Rate
Median Income
Gonorrhea Cases per 100k
Public Health Centers
Providers per 100k

Fig. 19: One-state-left-out robustness check of synthetic
Washington created with 1-lag and all predictors.

% of population that is black
% of population that is hispanic

VII. D ISCUSSION

% of population that is white

I present a comparison of my synthetic control and
difference-in-differences results in Washington and New
York in Figures 20 and 21. I plotted the difference-indifferences estimate of each state’s prescribing patterns—had
there been no PrEP-AP—by using the actual values of my
controls in each year, and the appropriate dummy variable
for being in Washington, and for being post-2014, but not
the interaction term between the two.
In New York, the difference-in-differences and synth estimation for the impact of this program are quite similar. The difference-in-differences estimation implies that an
increase of 31.65 additional prescriptions per 100,000 is
associated with the timeframe post-program implementation
in New York. Similarly, synth estimates that this program
is responsible for an increase of approximately 27 PrEP
prescriptions per 100,000 over the synthetic control. When
translated into real terms, this implies that this PrEP-AP
resulted in an increase of between 5,000-6,000 additional
PrEP prescriptions in New York. Assuming that each of these
prescriptions resulted in an HIV infection averted, and given
the CDC’s lifetime treatment estimate for an HIV infection
of $379,668 in 2010 dollars (Centers for Disease Control and
Prevention, 2017), this means that between $1,898,340,000$2,278,008,000 in HIV treatment costs over the lifetime of
these individuals may have been averted.
This figure is very likely an overstatement of the costs
averted. First, it is reliant on each patient having perfect
adherence, and remaining on PrEP for as long as they were
partaking in behavior which puts them at risk of HIV. Next,
it assumes that had each of these individuals not been on
PrEP, they would have become infected with HIV, which
is most certainly not the case. Thus the actual impact, in
terms of number of HIV cases prevented and costs averted,
is likely much lower. However, even if one utilizes a much
lower estimate of 600 HIV infections prevented by this
program, this still translates into $227,800,800 in lifetime
HIV treatment costs averted.
Washington’s program, on the other hand, appears to have

Constant
Observations
R-squared
Adjusted R-squared
F
rss

1.25
(-1.993)
10.26***
(-2.45)
12.11*
(-6.871)
-0.183
(-0.297)
-1.524*
(-0.83)
7.30e-05
(-0.000177)
0.00539
(-0.0445)
0.000913
(-0.00517)
0.147**
(-0.0626)
41.36***
(-14.29)
49.50***
(-17.12)
19.59**
(-9.532)
-46.84***
(-17.12)

(2)
D.C. Excluded
-0.367
(-0.806)
7.388***
(-0.948)
13.55**
(-5.977)
0.0705
(-0.164)
-0.824**
(-0.32)
0.000123
(9.12e-05)
0.0475***
(0.0103)
0.00285
(-0.00286)
0.0901***
(0.0198)
21.71***
(-6.1)
37.37***
(7.118)
21.16***
(-4.257)
-48.29***
(-7.118)

240
0.544
0.52
24.46
54890

235
0.646
0.627
34.62
8028

Robust standard errors in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1

TABLE XII: Difference-in differences estimate of impact of
Washington’s PrEP-AP on PrEP prescriptions per 100,000.
had little impact. If we take the results of the difference-indifferences analysis at face value, and disregard the synth
results, I estimate that this program was associated with
between a 700-900 increase in PrEP prescriptions, which
is quite similar to the number reported as receiving benefits from Washington’s PrEP-AP in late 2015 (Aleshire,
2016). In other words, the benefits of Washington’s PrEPAP were very limited. When calculating the cost savings
from lifetime treatment cost averted, if we assume that this
program resulted in 900 HIV infections averted, I estimate
that the maximum costs averted in terms of HIV treatment is
$341,701,200. If instead we assume that 70 HIV infections
were averted, I find a benefit of $26,576,760.
VIII. L IMITATIONS
I am first limited by the sensitivity of synth to different
combinations of lags and predictors. I believe that my
robustness checks, in addition to the difference-in-differences
approach, strengthen these results; however, on its own, synth
seems to be offer somewhat ambiguous results.
I am next limited by my definition of “effective”. I define
an effective PrEP-AP as one which increases prescriptions
per 100,000, and ignore other important factors of how
effective a program is—namely whether or not it increased
prescriptions among those in high risk groups. I conclude
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Fig. 20

Fig. 21
that Washington’s program did not increase prescriptions by
as much as New York’s, but this is irrelevant if New York had
a large increase in prescriptions among the “worried well”,
but none among those actually in a high risk group. In such
a scenario, the number of HIV cases prevented would likely
be zero, and thus this program would be entirely ineffective,
under a traditional definition. I further do not consider the
cost-effectiveness of these programs, given that I do not have
the data to support such an analysis.

Finally, I am limited by my data. First, I do not have an
ideal amount of data pre-treatment to use synth effectively.
This drug was approved in 2012, and I only have annual
data from AIDSvu. Second, I only have data at a state level,
which misses many local community factors, and doesn’t
allow localized analyses on specific metro areas, such as New
York City and Seattle. Finally, my proxy variables may be
inappropriate choices to use as criteria for an ideal synthetic
control.

I am also limited in that I cannot break down New York’s
program into each individual component, to determine which
component had the most impact. This limits conclusions
that other public health departments can draw from this
study. Rather than being able to determine which portion
of New York’s PrEP-AP was most efficacious, we have only
the vague conclusion that a more comprehensive programs
translates into a greater increase in prescriptions.

IX. C ONCLUSION
New York’s program seems to have increased PrEP prescriptions by more than Washington’s. This is what we would
logically expect, given the comprehensiveness of New York’s
program. There are a variety of reasons behind slow PrEP
takeup, all of which must be addressed for takeup to meet
its full potential.
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VARIABLES
isWA
Post2013
isWA*Post2013
Percent with Bachelor’s Degree
Unemployment Rate
Median Income
Gonorrhea Cases per 100k
Public Health Centers
Providers per 100k
% of population that is black
% of population that is hispanic
% of population that is white
Constant
Observations
R-squared
Adjusted R-squared
F
rss

(1)

the PrEP access and marketing landscape, including evaluating the impact of Gilead’s recent nationwide television advertising campaign, which began running during the nightly
news between June 2018-August 2018 (Gorman, 2018). Such
a campaign provides an excellent opportunity for a natural
experiment, assuming appropriate data is available, given the
fact that such ads may not air in certain markets. Further
research should additionally focus on evaluating the impact
and efficacy of California and Florida’s recently launched
PrEP programs. Finally, future research should also examine
who is actually taking Truvada as a result of these programs,
to determine if takeup is actually increasing among those
who need it, or if it is instead increasing among the worried
well. Knowing these will help state public health departments
develop appropriate, evidence-based policies.

-0.731
(-0.82)
3.185***
(-0.807)
3.376*
(-3.487)
-0.0377
(-0.194)
-0.157
(-0.266)
2.13E-06
(-8.49E-05)
-0.0191
(-0.0179)
0.00146
(-0.00246)
0.0550**
(-0.026)
18.07**
(-7.122)
15.05*
(-7.8)
5.073
(-4.257)
-14.40**
(-6.449)
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