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States’ use of tax incentives to lure businesestment has drawn a lot of attention from
policymakers, the public, and academics. Despikediassessments of their efficacy in creating
net increases in jobs and investment, businessitaxtives continue to be highly popular
among state policymakers. This dissertation drawvtheories of policy diffusion and tax
competition to explore why states adopt tax ine@stifor business, with a focus on how states

influence each other in their policy choices.

The first essay is a mixed methods case studyso$pread of incentives for film and
video production. It examines qualitative datarderviews with state policymakers, as well as
guantitative data on the adoption of film incensive all 50 states. The analysis suggests that
state adoptions of film incentives are primarilyven by two factors: the size of the existing film
industry in the state and a “bandwagon” effect dasethe total number of adopters. The

second essay investigates whether similar adopatterns hold for four other state tax incentive



policies: Investment Tax Credits, apportionmenirfola changes, R&D tax credits, and Job
Creation Tax Credits. The quantitative event mstmalyses show that factors that influence
adoption decisions are largely inconsistent acttesslifferent incentive types, but the evidence
is consistent with the idea that the adoption d@fiess tax incentives is a zero-sum game or

“race to the bottom.”

One theme that emerges in both of the first tvgags is the importance of modeling and
interpreting how diffusion processes change oveeti The third essay is a methodological
discussion of duration dependence—how the hazaad@ption changes over time—in the
context of policy diffusion. It argues that the shaommonly used methods for modeling
diffusion are inadequate for detecting certaineystevel diffusion dynamics and should be
complemented by a more thorough analysis of duratependence. It discusses how duration
dependence relates to other methodological isswkpravides a list of recommendations for
researchers on how to properly model and integuedtion dependence in quantitative policy

diffusion studies.
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Introduction



Why do states adopt tax incentives for busineBsi2 is the question that motivates the
three essays in this dissertation. States havegae ambivalence toward tax incentives for
business and economic development. When asked spexcific tax incentives—for example,
the state of Washington’s willingness to give Bgeiearly $9 billion in tax breaks to build the
new 777X airplane in the state—state policymakezoé&en overwhelmingly supportive.
Landing a major project with a tax incentive is albpjust as politically advantageous as
securing pork barrel earmarks in the budget proc&bgy are both tangible reminders of
policymakers’ influence and ability. But when agdlabout the use of tax incentives generally as
an economic development strategy, state policynsgiar the role of a reluctant party to a
game they suspect is rigged against them, frequamtbking the metaphor of an “arms race” or
“race to the bottom.” As one former state legmldtinterviewed laments, “I would certainly
hope that there would be a time when every statddwmilaterally disarm from the use of tax
incentives.” In addition, a study by the Pew Centethe States finds that “... no state regularly
and rigorously tests whether those investment®fitices] are working and ensures lawmakers
consider this information when deciding whetheuse them...” (Pew Center on the States,
2012, p. 1). Tax incentives are one of the biggestponents of state economic development
policies, but state policymakers seem so disillustbwith them that they do not dedicate
adequate resources to evaluating their effectivseness one state tax policy expert remarked, it
is a “love/hate relationship” between state poliakers and tax incentives.

Tax incentives can include credits, deductionsygtions, and various other provisions
that are intended to reduce the total tax burdea particular type of taxpayer or activity, such
as capital investment or research and developnf&mnecent investigation of state business

incentive programs by the New York Times count¥4,Brograms on which states implicitly



spend about $80.4 billion per year (Story, FehkVétkins, 2012). These are not 1,874 unique
programs—many are very similar from state to st&e: example, in 2000, six states had
adopted tax incentives for film and video productid’en years lateall but six states had them.
This pattern of rapid and widespread adoption ggyestive of a diffusion or interdependence
process in which states’ decisions to adopt ingestare not merely coincidental. The adoption
of an incentive by one state likely influences otstates’ decisions about whether to adopt the
policy.

The nature of policy interdependence, howevemrnasly clear. As mentioned above, the
“race to the bottom” metaphor is often used withparel to tax policy issues. The race to the
bottom implies a kind of reverse auction whereestdid up the generosity of incentives in order
to attract jobs and investment. The race to th®bois a zero-sum game—one state’s gain is
another state’s loss. This view of interdependemgéies that states will be influenced by the
actions of other states they view as their comprstit Alternatively, some view interstate
competition as healthy and argue that states albmfatories of democracy,” experimenting with
innovative policy ideas and developing varied reses to common problems. This view of
interdependence implies that states look for opmities to learn from each other.

This dissertation asks three questions: how exdatithese channels of influence work
when states are adopting tax incentives? Whidksstafluence each other and why? How can
these influences be detected in the data? Tlag®ssthis dissertation explore these questions
with a mixture of qualitative and quantitative dagaalyzed in both in-depth and comparative
case studies of five different types of state bessntax incentives.

Similar questions have been addressed in thedtapetition literature in economics and

the policy diffusion literature in political sciem@nd public administration. The tax competition



literature examines strategic interactions betwagsdictions in the setting of tax rates (for a
review, see Wilson, 1999). Instead of examiningrédes, | focus on more discrete tax policy
choices, the adoption of certain tax incentives. sAch, it is similar to the policy diffusion
literature, which examines a wide variety of disengolicy innovations and attempts to model
multiple mechanisms of interjurisdictional influenéncluding competition, learning, coercion,
and other mechanisms (Berry & Berry, 2007). Howggeen within the policy diffusion
literature, there is considerable disagreemabout how to define and categorize various
mechanisms of diffusion (Elkins & Simmons, 200%sides the issues involved in
operationalizing and measuring them (Maggetti &a@ll, 2013). This dissertation attempts to
find common ground between the approaches of thedmpetition and policy diffusion
literatures by taking a detailed look at the meddras of interstate influence in state business tax
incentive policies.

Recognizing that literatures on tax competitiod policy diffusion provide conflicting
guidance on the causal mechanisms of diffusiotherfirst essay, | take an inductive approach
and conduct an intensive case study of the adopfistate tax incentives for film and video
production. The adoption of state film incentivas be considered an extreme case of diffusion
because it resulted in near universal adoption @nstates in a very short period of time. As
Gerring (2007) explains, the greatest strengtmaéxdreme case study is its ability to generate
new hypotheses and refine existing theory. Extreases are usually considered to be
“prototypical” or “paradigmatic,” highlighting poteial causal relationships in their starkest
context (Gerring, 2007).

The case study begins by analyzing qualitativa tfaim interviews of policymakers in

three states that adopted film incentives: Michjga&fashington, and Mississippi. | use these



data to develop a synthetic narrative for eacte st&it describes the political processes leading
to adoption and analyze these summaries to trgeotify key variables that affect states’
decisions. Based on these results, especiallyislatsout how states influence one another in
their decisions, | develop three hypotheses abowtdiffusion mechanisms operate for film
incentives: a state is more likely to adopt filnsentives if 1) its neighboring states have done so,
2) there is a greater total number of adoptingestéte. a “bandwagon” effect), and 3) it has a
large local film industry.

| then test these hypotheses using event histethads and quantitative data on the
timing of film incentive adoption in all 50 statekfind support for the second and third
hypotheses, but not the first. Specifically, Ifia prominent “bandwagon” effect—a statistically
significant quadratic relationship between theltotanber of prior adopters and the hazard of
adopting film incentives, suggesting that the hdzeraks when about 34 states have adopted.
This finding is important because it suggests shaties can be influenced by the total number of
adopters, even while controlling for channels dfuence that most policy diffusion studies
focus on, from neighbors and ideologically simdtates. | also find that a 1% increase in the
size of a state’s film industry is associated vaith0-50% increase in the hazard of adopting film
incentives, all else equal. Furthermore, the inésv data suggest that the idea for incentives
spread from state to state through contacts betweenbers of the film industry, not through
state policymakers, as is normally assumed in cafsaifusion.

To see whether the patterns of adoption for filcentives are similar for other types of
tax incentives, in the second essay, | examin@fathat affect states’ adoptions of four
common business tax incentives: Investment TaxiGrepportionment formula changes, R&D

tax credits, and Job Creation Tax Credits. | arealyuantitative state data spanning the years



1970-2010 using event history methods. Surprigindind few commonalities among the
factors that significantly influence states’ adops of these different tax incentives. For
example, the influence of the size of the manufaoguindustry on the hazard of adopting these
incentives should be similar to the influence @& #ize of the film industry on the hazard of
adopting film incentives because these incentigrd to target manufacturing. However, | find
that while having a larger manufacturing indusigngicantly increases the hazard of adopting
Investment Tax Credits and Job Creation Tax Cretlittoes not appear to have an effect on
decisions to adopt apportionment changes or R&Ditse Moreover, unlike many policy
diffusion studies, but consistent with my findirgsout film incentives, | do not find strong
evidence that states are consistently influencetthéiy neighbors in deciding whether to adopt
tax incentives.

The most important findings that emerge from #nalysis are not about particular
variables, but rather about the importance of maoddiow the diffusion process changes over
time. Event history methods include several ttolsiodel time dynamics, such as non-
proportional hazards (i.e. time-varying effectsyl fmaseline hazard plots, but these tools are
underutilized in the policy diffusion literaturefihd, for example, that when the effects of
covariates are modeled as time-constant, nonesafdéfficients in the apportionment change
model are significant at conventional levels. Hwearewhen the effects are allowed to vary over
time, several coefficients attain significance.s@lthe baseline hazard plots, which illustrate
how the hazard of adoption changes over time chingdor the effects of covariates (also
called duration dependence), follow an invertedndpe for all four tax incentives, meaning that
over time, the general popularity of each incentikat rises, peaks, then falls. As | explain in

the essay, this pattern is consistent with the idatstates view the use of tax incentives as a



competitive zero-sum game or race to the bottomfirgt, states race to gain the “first mover
advantage,” and the hazard is rising. As more@statlopt over time, however, the comparative
advantage of having the tax incentive lessens ciaduhe urgency to adopt them, and causing
the hazard to fall.

The third essay is more methodological in orieataand expands upon on an important
issue that arose while | was working through th&t tiwo essays. Specifically, when working
with the film incentive data, | noticed that ifrled to include a variable measuring the total
number of prior adopters (i.e. the bandwagon effieca Cox proportional hazards model, the
algorithm failed to converge and the model coultb®estimated. As | explain in detail in the
third essay, the mathematics of the Cox model prtetve total number of prior adopters from
being included as a variable in the regressionumsexd is so closely related to time. In effett, i
is absorbed into the effect of time, which is ithased by the Cox baseline hazard plot. | had to
find a way to disentangle the bandwagon effect ftbenbaseline duration dependence by
switching away from the Cox model to a differergeyof event history model.

The key insight to arise out of this experiencth& a full understanding of the policy
diffusion process is incomplete without an analydithe baseline hazard. The third essay
explores the meaning of duration dependence intgative policy diffusion studies and
discusses the various reasons why one may obséasetine hazard that changes over time.
Most importantly, | explain why certain system-legégfusion dynamics—including bandwagon
effects, critical mass effects, competitive ragedicy outbreaks (Boushey, 2010; 2012), and
system-wide generalized learning processes—ondybe detected in the baseline hazard. |
argue that by focusing only on individual-level cdaeristics of states or other governments and

treating duration dependence as a statistical ncésto be controlled for, policy diffusion



scholars are overlooking important dynamics inudifbn processes. The essay also discusses
the relationship between duration dependence dret atodeling issues like non-proportional
hazards and unobserved heterogeneity, and inclutigtsof recommendations policy diffusion
researchers can follow to properly model and ingrgduration dependence.

Modeling these system-level diffusion effectsspecially important in studying the
diffusion of tax policies, which are often charaized by competitive dynamics like races to the
bottom or bandwagon effects, as | find in the fastl second essays. In fact, given the
inconsistent findings on the influences of neiglhgistates or state-level political and economic
characteristics, system-level dynamics may be tbst important predictors of state adoptions of

tax incentives for business.
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Essay One: The Diffusion of State Film Incentives

10



In 2000, only six states had programs to providaetary incentives for the TV and
movie industry to shoot and produce films in tletates. By the end of 2014l| but six states
had enacted some kind of film incentive legislatidhy the sudden proliferation of incentives
for the film industry? One possibility is that &g were merely responding to the problem of
“runaway production,” which refers to the film irgtoy’s increased activity in Canada and other
locations outside the US in the late 1980s and 499€e McDonald, 2011). During this time,
the Canadian federal government and most of thanmi@al governments began actively
recruiting the film industry using generous taxantives and subsidy programs (Department of
Canadian Heritage, 2009). In fact, Oklahoma, drit@earliest states to adopt film incentives
in 2001, titled its legislation the “Compete witlai@ada Film Act” (SB 674 of 2001). Others
suggest that while Canadian competition may haoeiged the initial impetus for the adoption
of incentives in the United States, the widespidaption of film incentives has been driven by
interstate competition, not international competiti McDonald (2011) argues that “the weapon
[of state film incentives] is not currently emplaly® protect the nation, but it is being used by
states to fight each other.” Critics have argured tilm incentives just move production from
one state to another, and there are no net ecorgaims once the effects on all states are
considered (Luther, 2010). Moreover, Button (20fid)s that state film incentives have largely
failed to create local film industries, as measurgdhe number of business establishments, in

states with incentives.

Whichever account is correct, there is no questiahstate film incentive policies have
spread rapidly and reached a high level of sanmamong states. This pattern of widespread
adoption in such a short time period is suggesihe diffusion process that involves interstate

influence, which can for example involve statesresy from or competing with one another.

11



State film incentives provide an interesting, ifreme, case study of how policy ideas diffuse
within the context of American federalism. In peautar, the case study approach can provide
insight about how interstate influence works inagplied policy context, exposing weaknesses
in and suggesting refinements to existing polidfudion theory.

This essay uses qualitative elite interview meshoaimbined with quantitative event
history analysis to develop a detailed accountloy states adopt film incentives. First, | use
elite interview data and process tracing techniqaekescribe the political processes that led to
film incentive adoption in three states: Michig&viashington, and Mississippi. The analysis
reveals that in each of these states, the reasomasldpting film incentives were quite different.
For example, with regard to interstate influence@sington and Mississippi noted their key
competitors as their geographic neighbors whilehigjan viewed itself as competing with all 49
other states. Drawing on these in-depth accoudeyelop testable hypotheses about which
factors affect whether a state adopts film incegtjfocusing specifically on potential patterns of
interstate influence. Next, | test these hypotheseng quantitative data on the timing of
adoption for all 50 states. Unlike most studies thse a discrete time setup, | use exact-time
data, which allows for more precision in detecfoadterns related to the timing of adoptions. |
find that state adoptions of film incentives aramarily driven by two factors: the size of the
existing film industry in the state and a “bandwaleffect based on the number of states that
had already adopted film incentives. | find linditevidence that states are influenced by their
geographic neighbors and no evidence that theywivenced by their ideological similarity to
prior adopters. Finally, taking into account tesults of both the qualitative and quantitative

analyses, | discuss the implications that thesarerapcase study findings have for policy
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diffusion theory. Specifically, | argue that exngt theory under-emphasizes the role of duration

dependence and bandwagon effects in state politysiin.

Policy Diffusion, Tax Competition, and Mechanisms of I nterstate I nfluence

Policy diffusion is a process that Strang (199133%) concisely defines as “any process
where prior adoption of a trait or practice in gplation alters the probability of adoption for
remaining non-adopters.” Therefore, diffusion exés process of coincidental policy
convergence, in which states act independentlyhappen to arrive at similar policies. Interstate
influence and the spread of policies among statdother governments has been extensively
studied in the literature on policy diffusion (&erry and Berry, 2007 for a review). However,
policy diffusion researchers have largely focuseaxpenditure-side policies like public goods
production and regulation, leaving questions offakcy and tax incentives to the tax
competition literature in economics (Shipan anddéol, 2012). The few studies of the spread of
certain tax policies include studies of the adaptb state income and sales taxes (Berry and
Berry, 1992), enterprise zones (Mossberger, 2@88)apportionment policies (Omer and
Shelley, 2004), research and development tax sr@ditler and Richard, 2010) and sales tax
exemptions (Fletcher and Murray, 2006).

Nevertheless, policy diffusion scholars have mageifscant advances in elucidating and
distinguishing the causal mechanisms involved ffusiion processes. As Shipan and Volden
(2008) explain, policy diffusion models posit fdaasic mechanisms of diffusion:

e Learning States learn about when other states adoptairceolicy and perhaps even

whether or not that policy was successful.
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e Competition States may emulate the policies of other statesder to gain an economic
advantage or avoid being disadvantaged. Compeigiasually associated with
economic spillovers or externalities, where theéoamst of one state have economic effects
on other states.

e Imitation. States can adopt policies simply because theindtating certain other states
(e.g. states they view as “leaders”)—no learningualthe actual policy is necessary.
This mechanism is sometimes also called mimicry.

e Coercion Coercion involves other states or levels of goreent purposively trying to

influence a state’s policy choice.

A rapidly growing body of research has focusedrgimgj to empirically differentiate the
mechanisms of learning and competition. For exanpérry and Baybeck (2005) approach this
problem by arguing that policy learning and contpatiimply influences from different sets of
states. Specifically, they contend that policyézg is a simpler process in which states are
likely to be influenced by the number of nearbytetaadopting a policy. Competition, however,
requires that competitor states be specified acegted context-specific economic relationships
between states, such as the locations of spedfalptions or industries. They use data on
lottery adoptions and welfare benefits to demonsstitzat estimating models that test for only
learning or only competition lead to different rikssuhan models that include both learning and
competition. Similarly, in studying state tax apmmment changes, Omer and Shelley (2004)
find evidence that states compete with their nedghbhat share similar industries and cross-
border Metropolitan Statistical Areas while conlirg for learning with a variable that measures

the total number of neighboring states that preslipahanged apportionment formulas. Other
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studies that empirically differentiate between téag and competition include Baybeck, Berry,
and Siegel’s (2011) analysis of lottery adoptiddisipan and Volden’s (2008) analysis of
antismoking policies, and Boehmke and Witmer's @Qénhalysis of Indian gaming.

Questions of interstate influence in tax policg &iequently discussed in the economics
literature on tax competition. However, the tampetition literature differs from the policy
diffusion literature in how it conceptualizes thechanisms of interstate diffusion/influence.
Unlike the policy diffusion literature, the tax cpetition literature implicitly assumes a broader
theoretical conception of “competition” and intesfw all interstate influence as “competitive.”
For example, studies in both the tax competititarditure and the policy diffusion literature have
found evidence that states are influenced by tegraphic neighbors (e.g Rork, 2003 and
Berry and Berry, 1992). The tax competition litara interprets this neighborly influence as
evidence of competition, while the policy diffusibierature generally interprets it as evidence
of learning or mimicry. In the policy diffusiortdérature, competition is generally viewed as a
zero-sum situation in which states compete for sbnie benefits (e.g. business investment)
(Shipan and Volden, 2008). In the economics ti@adljtcompetition is not necessarily zero-sum.
For example, in the Tiebout model, the theoretiaais for much of the tax competition
literature, governments are analogous to firmsperdectly competitive market (Tiebout, 1956).
Citizens (customers) can choose to live (buy) wharéhey want, and governments (firms)
compete for citizens by offering desirable publkods for the lowest possible tax price. The
desire to retain and attract citizens gives govemtian incentive to learn, innovate,
experiment, and ultimately adopt policies that Hbgm become more effective and efficient. In
the Tiebout model, competition necessarily involgesernments learning from one another, and

results in a positive-sum outcome.
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Resear ch Design

This research design uses a multi-method apprwaekplaining how states influence
one another in the adoption of film incentives.eTinst part of this research consists of
gualitative case studies of three states intendel@s$cribe why they adopted film incentives and
how film incentive policies in other states maymay not have influenced the policy process.
Elite interviews were conducted with policymakensl ather stakeholders involved in the
adoption of film incentives in their respectiveteta Following the suggestion of Beamer
(2002), the interview data are triangulated witboselary data sources, such as official records,
newspaper articles, and other interviews, to mazemeliability.

Sets of interviews were conducted in three diffestates, Michigan, Washington, and
Mississippi. Of the 43 total adopters, Mississippis the 18 state to adopt film incentives in
May of 2004, Washington was the"gtate to adopt incentives in March of 2006, andHitjan
was the 3% state to adopt incentives on the very last da&3006. The sample therefore covers
a broad range in the timing of adoption, the depahgariable in this study. The states in the
sample were also chosen to exhibit variation inggaehic, economic, and political
characteristics as well. Both Washington and Mjahi though far apart, share a border with
Canada, while Mississippi is in the south. Migpigsis generally smaller, poorer, and more
politically conservative than the other two stat#g¢ashington is richer and more liberal than the
other two states. Michigan has the largest pojauand most professionalized legislature, but
falls between Mississippi and Washington in terrwealth and political ideology. | selected

initial interviewees in each state after reviewiegislative documents and newspaper articles
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that mentioned specific individuals as key playdfsom there, | used a “snowball sampling”
method by asking interviewees who else they thoughould interview. In total, ten interviews
in Michigan, six in Washington, and three in Misgpi were conducted with legislators,
legislative staff, agency officials, lobbyists, amresentatives from the film industry.

The interviews themselves were semi-structuredogoath-ended elite interviews, which
treat interviewees as experts and allow them teigeatheir own understanding of events
(Leech, 2002). Although the interviewees were galheencouraged to lead the conversation,
all interviews included discussions of specifiemiew questions, listed in Figure 1. Following
the logic of the policy diffusion literature, | asse that different mechanisms of diffusion will
imply influences from different sets of states, evhis specifically addressed in questions 7
through 10. However, recognizing that the literasuon policy diffusion and tax competition
provide inconsistent guidance on the conceptuairaaif diffusion mechanisms, | do not assume
a priori that a particular pattern of diffusion—say, inthee by geographic neighbors—is
associated with a particular definition of competit learning, etc. Therefore, | rely on
interviewees to convey their own understandingstof and how certain states influence one
another.

The interview data are first used to synthesizeepatt accounts of the adoption of film
incentives in each state. | then use the casetdadentify specific variables that seem to be
important in one or more states’ decisions to adibptincentives using process tracing
techniques. Process tracing emphasizes the lirkiogse data to elements of theory (George
and Bennett, 2005) and can therefore serve asfal te@l to inductively generate hypotheses
about how film incentive policies spread from statstate. | focus especially on diffusion-

related variables that describe how the actiordludr states may have influenced the decision to
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adopt film incentives in the case study statese filrpose of the qualitative analysis, therefore,
is to generate possible causal explanations rétherto adjudicate between them.

The analysis of the case data for Washington, Mai and Mississippi yields three
hypotheses related to policy diffusion, and theoedgart of this research tests their
generalizability in a quantitative statistical oexttusing event history analysis techniques and
data on all 50 states. As Berry and Berry (20&p)an, event history analysis is a technique
that is well-suited for testing hypotheses abolicgdliffusion patterns. Evidence from a Cox
proportional hazards model as well as parametridaisas presented to explore which factors

affect the timing of state film incentive adoption.

Adoption of Film Incentivesin Michigan

The initial catalysts for the adoption of film imteves in Michigan were two individuals
with film industry connections who could see thahfincentives were becoming a major factor
in the industry. In the early 2000s, Michigan'énFiCommissioner, Janet Lockwood, joined
several other state and regional film commissiotegeate a group called Film US. Film US’s
goal was to address the problem of “runaway pradottreated by Canada’s adoption of
federal and provincial-level film incentives in th890s. Film US lobbied Congress for federal-
level film incentives in the U.S., but after liteiccess, the group disbanded, and the film
industry turned its lobbying efforts to the stated|. In Michigan, Lockwood floated the idea of
film incentives internally, but then-Governor JdBngler, a Republican, was always hostile to
the idea.

In 2003, the political landscape changed with fleeteon of Governor Jennifer

Granholm, a Democrat. Also beginning his firstrten office that year was Representative Bill
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Huizenga, a Republican from West Michigan, who alsoon the board of Compass Film
Academy (now called the Compass College of Cinematis) in Grand Rapids. Shortly after
he began his term, Huizenga introduced himselfdckivood and said he was interested in
introducing film incentive legislation. They begawnrking on the legislation, which they
reportedly modeled based on Louisiana’s incentrogam because members of the Film
Advisory Council indicated that Louisiana was athexl” of incentive-related productions.
Huizenga introduced the bills in June 2004. Thie passed the House but died in the Senate
Finance Committee at the end of the 2003-2004 &essi

In the next session, Huizenga, who had developgeg@w@tation as an up-and-coming
leader, was named Chair of the Commerce Commiti#seand his staff continued to work with
Lockwood and the Film Council on more “compreheasidm incentive legislation. The
package now included more bills, and therefore nbdrsponsors with a stake in the matter, and
it also covered commercials, an element designedridhe support of the Big 3 auto
companies. The bills were also supported by fildustry labor unions, including the
Teamsters, pivotal players in Michigan politicss @hair of the Commerce Committee,
Huizenga was able to shepherd the bills throughitnese and had more bargaining leverage in
getting the Senate to take up the bills. Neveedglthe bills were again sent to the Senate
Finance committee, led by Senator Nancy Cassigpailitican who had always expressed
opposition to film incentives. It again came dotwrthe last days of the Session in 2006, and
Huizenga was able recruit a key ally in Dick DeVaan of billionaire Amway-founder Richard
DeVos, Sr. and prominent figure in Michigan Repcdati politics, who reportedly had a son

involved in the film industry. With DeVos'’s supppoHuizenga was able to convince the Senate
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Majority Leader to approve a single bill from thelmbill package on the very last day of
Session.

Though the bill became law, the package had bigaifisantly watered down, and
Michigan “did not become a player at all” in therfiindustry. According to one interviewee, “If
you're not on the top of these incentives—if youlia the best state, then you might as well not
be in the business.” The legislation did, howeaéiract the attention of Governor Granholm
and several key legislators, including the inconf@tgirman of the Commerce Committee,
Democrat Andy Meisner and Chairman of the Senatar@erce and Tourism Committee,
Republican Jason Allen. Another workgroup forme@@07 to draft new and improved film
incentives, this time including key members of @@&vernor’s staff, and explicit directions from
the Governor to create the best film incentivenim ¢ountry. According to several interviewees,
this workgroup systematically examined film incesatstatutes in every other state (and a few
Canadian provinces), and followed a strategy toevedch component of Michigan’s film
incentive program as good as or better than amgratiate. As one interviewee put it, “The
essence of the package was to look at some ofethelkments of the other front-runner states
and to one up them—to one up them in each categyai\by being the most comprehensive of
any of the states...” Also during this time, Migan’'s economic situation continued to worsen,
leading the nation in unemployment. After yearsatibince on the failing auto industry,
Michigan’s economy had been anticipating the raoedsng before it officially began in
December 2007, and several interviewees indicattepiblitics in Michigan had a feeling of
desperation and urgency. As one interviewee ax@thithe film incentives were seen as a “Hail

Mary.”

20



Early in 2008, the workgroup finalized the billggage. The Governor mentioned the
film incentives in her 2008 State of the State addyand the bills were introduced in February.
Representative Meisner and Senator Allen had adceledld joint committee hearings on the
bills. Numerous members of the Michigan film inttysincluding some famous names, came to
support the bills, and no one registered oppostoathe bills in committee testimony. The new
and expanded film incentive package moved quidkigugh the legislative process, registering

a single “no” vote from Senator Cassis, and wasesidoy Governor Granholm on April 7, 2008.

Adoption of Film Incentivesin Washington

The process of adopting film incentives in Wastongncluded much less political
fanfare than in Michigan and was driven more bgrsge of maintaining Washington’s place in
the industry rather than launching a new indus@yce the Canadian federal government and
the province of British Columbia adopted film inteas in 1997, the state of Washington
reportedly began to lose film industry businesth#&r northern neighbors. According to a
legislative report, expenditures on motion pictanel video productions in Washington fell by
74% between 2001 and 2006 (Senate Bill Report, T8 ©f 2006). One interviewee from the
Washington film industry said that there had bedkstand meetings within the industry about
what to do about this loss of business since ti994.9

In 2004, a group of film industry leaders offityatame together to form the Washington
Entertainment Industry Players Association (WEIR#)pse goal was to create a film incentive
program in Washington state. WEIPA hired an Olyaripbbyist who specializes in tax issues to
help them draft a proposal. Meanwhile, Oregon &tbs film incentive program in July of

2005, providing another regional threat to Waslontgt film business. As one film industry
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representative testified before a Senate commitile®yder to attract productions, we already
have to discount services by 10 to 20 percent topste with Oregon and Vancouver.”

WEIPA continued to develop its policy proposal d&n@d another veteran lobbyist to
help with political strategy. In the Spokane amghich was represented by the Democratic
Senate Majority Leader Lisa Brown, a nascent bugkdyigrowing film community was
developing, anchored by a full-service film andeoadoroduction company called North by
Northwest. WEIPA and its lobbying team were ablednvince Senator Brown to be the lead
sponsor of their legislative proposal. The stratggve instant credibility to the proposal as it is
relatively unusual for legislative leaders to sporsubstantive policy bills. WEIPA also
successfully recruited the support of film indudtdyor unions, a key political ally, by including
provisions to protect jobs and benefits for in-stabrkers in the legislation.

Senator Brown introduced the bill in January cd@0and legislative committee hearings
began in February. Similar to Michigan, there Wwesad support and very little opposition to the
proposal. Unlike Michigan, however, argumentsthar film incentive program centered around
helping Washington regain its fleeing film industriy fact, the legislation itself states that “in-
state producers are taking their projects to morepetitive economic climates, such as Oregon
and Vancouver, British Columbia, where compelliag incentive packages and subsidies are
already in effect” (SB 6558 of 2006, as enrolledhe bill moved quickly through the legislative
process, and Governor Christine Gregoire, who legoh lguietly but not actively supportive,

signed the bill on March 27.

Adoption of Film Incentivesin Mississippi
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Similar to Michigan, the story of film incentiveas Mississippi starts with the state’s
governor-appointed Film Commissioner. Ward Emlyegan his career working on film crews,
became Mississippi’'s Film Commissioner in the edA%0s, and was the president of the
Association of Film Commissioners International by 1998. Emling’s involvement with
AFCI not only raised the stature of Mississippeaa@ming location, but also gave Emling a
unique perspective on what was going on in the iifldustry on an international level. As
mentioned, the most important development in ti#0%3vas the creation of film incentives in
Canada. Emling notes that for the first time, @@adians “proved that it [film incentives]
could be developed like an industry.”

From witnessing the success of incentive progran@&anada and elsewhere, Emling
realized that the use of incentives representdtftts an “economic development mentality,” in
which film production must be lured with financiatentives, just like any other industry. As
Emling explains in a 2004 newspaper article, “Ett@ng | do is exactly what other developers
do. Economic developers are looking at qualitiifef transportation, access to airports and the
workforce — the same things we look at as film cassioners.” (Lofton, 2004).

As a state, Mississippi was well-positioned toalep its film industry. Mississippi’s
Film Commission, created in 1973, was one of tre §overnment film commissions not only
in the US, but in the world. Mississippi also ealsts profile as a film location in the 1990’s
with the success of “A Time to Kill,” “The Clientgnd “Ghosts of Mississippi.” Two events in
the early 2000’s provided opportunities to elevhteidea of film incentives in Mississippi to the
public and legislative agenda. The first was dfpgofile tax incentive deal between the state
and Nissan Motor Co. to build a $950 million aussembly plant in Canton, MS, for which

Nissan received $295 million in state incentivegn@, 2000). Emling re-framed his argument
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for film incentives to say they could be “just likkssan.” Supporters of film incentives could
then advocate for their issue using the terminolaiggconomic development and a concrete
analogy with a wildly popular economic developmeéeal. The other event to create an opening
for public consideration of film incentives in Missippi was the July 2002 expansion of film
incentives in Louisiana, which proved to be extdawatrily successful in making Louisiana a top
film production destination. According to interwiees, Louisiana’s film incentives inspired
both Mississippi’s sense of rivalry with its “sistate,” as well as an opportunity for learning
about how to craft a successful film incentive pgli

In the meantime, the idea of film incentives asrexnic development had caught the
attention of the Mississippi Tourism Associationgdd&mling teamed up with their lobbyist,
Donna Echols Mabus, to develop a political strate@lge two began discussions with
policymakers, including legislators and agencyawdts, in 2003. They were able to recruit the
enthusiastic support of Rep. Diane Peranich, wivaie Chair of the newly-created House
Tourism Committee in the 2004 session and introddice film incentive legislation (House Bill
1780 of 2004). In addition, film incentive advoesifound support from other legislators who
had family members who were involved in the filnduistry. In making their case to legislators,
film incentive supporters reinforced the econonmegalopment framing of the issue as well as
the regional learning/competition angle. “It madase to tell them what our neighbors were
doing,” one advocate explained, “You know your héigrs. Your neighbors are like you.”
Peranich fueled the competitive angle, adding‘t@at sister states have been sites for a lot of
film activity, and now we will be able to steal thearch.” (Lofton, 2004). In drafting the
legislation itself, Peranich, Mabus, and Emlingvdiesavily from Louisiana’s statutes, as well as

using other states like North Carolina as modBlsranich introduced the legislation in March of
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2004, and by May 12, it had been signed by Govetabey Barbour, who, like Governor

Gregoire in Washington, had quietly supported dggslation.

Case Comparison and Hypothesis Generation

Understanding the diffusion processes involvestifieng the channels of influence
between adopters and non-adopters. In terms ah@t (1991) definition, which sets of states
alter the probability of adoption for non-adopter&® Berry and Berry (2007) explain, influence
from geographic neighbors is one of the most compaiterns detected in policy diffusion
studies. This also appears to be of possible aala for film incentives. In Washington, for
example, interviewees were very clear that Wasbhmgeeded to adopt film incentives to
counteract the loss of business activity to Oremaeh Vancouver, B.C. Similarly, the qualitative
data imply that the adoption of film incentiveslbyuisiana increased the probability that
Mississippi would adopt incentives. In these cagesnature of the influence of prior over
potential adopters is mediated by regional proymifhat is, Washington was most greatly
influenced by the actions of Oregon and Britishu@abia (and Mississippi by Louisiana)
because they are geographic neighbors and presystadre characteristics that are important to
film production, such as climate and scenery. Tdes of regional influence leads to the first
hypothesisStates are more likely to adopt film incentivasdir geographic neighbors have
previously adopted film incentives

Unlike Washington and Mississippi, the processegional diffusion did not appear to be
as strong of a factor for Michigan. None of thecMgan interviewees mentioned that they were
influenced by the actions of regional states, ahdenssome Michigan interviewees mentioned

Canadian competition, they mentioned Vancouverftén @s Toronto. What Michigan
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interviewees did report is that they felt they wengaged in competition witll other states,
particularly those that offered the most generawbssauccessful incentives. In other words, they
were as likely to see Florida or Arizona as a cditgreas Indiana or Ohio. Therefore, a second
diffusion hypothesis encompasses the idea of natdcompetitionStates are more likely to
adopt film incentives the more other states haewipusly adopted film incentives

These two hypotheses are fairly typical of quatitie policy diffusion studies, but the
gualitative case data suggest that there may emdiffusion mechanism at work. Policy
diffusion is fundamentally about the flow of infoation and ideas between political
jurisdictions, and it is usually implicitly assumgwat this information flows at the level of
policymakers, government actors, and others diyréatlolved in government decision-making.
For example, Shipan and Volden (2012) explain lthatcost communication, low-cost travel,
professional organizations, and informal persorealvorks all function to facilitate the flow of
information among policymakers in different stataf$en resulting in policy diffusion. The idea
that policymakers would have more contacts withgyatakers in neighboring states and face
lower costs of travel or communication with neighbg states then serves as the basis for a
hypothesis of regional influence.

However, in the present case of film incentivis, ftow of information in the film
industry itself also appears to play an importag.r In Washington, the initial impetus for film
incentive legislation came from the film industriew it realized that it needed a way to
compete with other jurisdictions that offered intbees. One Washington interviewee reported
that since the 1990s, incentives have become agraidtpart of the film business. She explained
that for film producers considering filming in arpeular state, “The entrance into the

conversation is ‘what is the incentive availabl¢his state and how does that fit into my
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business model?™ Similarly, in both Michigan alississippi, the state film commissioners
had long tenures and were well-connected to inguistnds, and were therefore well-informed
and well-positioned to advocate for film incentivegheir respective states.

As in any competitive industry, each business rkasp track of what its competitors are
doing to gain a competitive advantage. In the fitiolustry in particular, successfully competing
has come to mean recognizing the importance ohingss, which are often as large as the
equivalent of a 30-40% subsidy on production exgaregk. The larger and more sophisticated a
state’s film industry is, the more contacts it vialve with film producers in other states, and the
more likely (and quickly) it will become aware &iet growing importance of film incentives. In
addition, a larger industry translates to a lagpg®itical constituency and more political power to
convince states to adopt incentives. Interviewed®th Michigan and Mississippi emphasized
that legislators with familial or personal tiesslmameone in the film industry—which would be
more common with a larger film industry in the statbecame key supporters. Similarly, Best
and Teske (2002) found that the size of the retdilstries in different states had a significant
impact on how aggressively those states decid&ktimternet transactions. The size of the film
industry, therefore, is a measure of both its cditipe capacity and its political power. In this
way, the actual mechanism of policy diffusion ie flow of information within the film industry
(i.e. the object / target of the policy), not thaaf of information among policymakers or
government officials (i.e. the subject / enactdrthe policy). A third diffusion hypothesis
which represents the idea of diffusion at the pgebbject level isStates are more likely to adopt

film incentives the larger their respective filndustries are.

Event History Analysis
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Data

The quantitative data used in this study spary#aes 1996 to 2009 and are continuous
time data. This means that each row of datagaeh observation) represents an interval of time
over which values of the variables do not changd,vehen the value of one (or more) does
change, there is a new row of data. Thereforealhatbservations are of equal duration, and
there are frequently multiple observations of glkrstate in a single year. Once a state has
adopted a film-incentive, it is no longer observédble 1 provides a summary of the variables,
definitions, and data sources.

In continuous time event history data, the depehdariable is actually three variables:
one measuring the start of the duration, one mew®sthre end, and a “failure” indicator. This
indicator takes a value of one if the state adopt&bin incentive policy at the end of the
specified duration and a value of zero otherwisgeasure duration in days and record the exact
day that film incentives became law in each stafée first state to adopt a film incentive policy
was Louisiana in 1992, but the idea did not staréading to other states until 1997, which | use
as the “start of risk,” the time at which | congid¢her states to be “at risk” of adopting film
incentives’ By December 31, 2009, the last day in the statlyyut six states (Delaware,
Nebraska, Nevada, New Hampshire, North DakotaVarthont) had adopted film incentives.
Figure 2 is a Kaplan-Meier cumulative failure ptich shows the cumulative proportion of
states adopting film incentives over the coursthefstudy. The S-shape created by the plot is

typical of diffusion processes.

! | use the adoption date rather than the effectate because it better reflects timing in the joalitdecision-
making process. Effective dates often vary dragca#lyi from adoption dates, with some states evekimgahe
statutes retroactive. Effective dates, therefdoenot accurately represent the political condgiander which
adoption decisions are made.

2 It is common for the first adopter to be excludiedn policy diffusion studies because it obviouslyuld not have
been influenced by adoptions in other states. &fbe, a phenomenon of diffusion cannot be studrgd there is
at least one adopter.
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One limitation of this methodology is that it ordyamines the timing of first adoptions.

It does not account for differences in incentivegsams across states or subsequent changes to
film incentive programs. As | noted in the Michimgease, Michigan first adopted film incentives
in December 31, 2006 but its incentive was not y@Emnyerous compared to other states, and it
was not until 2008 that Michigan revamped its paogito offer larger incentives. The state of
Washington has always had one of the smallest tmeeprograms in terms of cost. These
differences in film incentive programs could accolan some of the variation in timing of
adoption. For example, a more expensive programdidkely be more difficult to pass.
Unfortunately, data that would allow for the direelid comparison of state film incentive

states with film incentives provides sufficient@snce of a diffusion process at work, as the
results below will show.

To operationalize the hypothesis of regional iefice, | use two variables to measure
how states are influenced by their contiguous rieagh First, | include a variable that measures
the percentage of bordering states that have al@dabted film incentives at each point in time,
PCTBORDERADOPT | also include a dummy variable for whether aesshares a physical
border with Canad&ZAN_BORDERwhich adopted film incentives at both the fedewrad
provincial levels in the 1990s, before the stantisk in this study. | expect that increases in
these two variables will increase competitive puess, increasing the hazard of adoption. To
operationalize the hypothesis of nationwide infleegnl include a variable that simply measures

the total number of states previously adoptindma fincentive policyNUM_PREV | expect that

% | use the percentage of border states adoptingadf the number of border states adopting becaoisall states
have the same number of contiguous neighbors. efdrer, | expect an adoption by a border state e ladarger
impact on a state with, for example, just two nbiyls as opposed to a state with six neighbors.
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as the total number of states adopting film incegtiincreases, it will create a “bandwagon”
effect and increase the hazard of adoption for neimg states.

The third major hypothesis is that the size ofdkisting film industry facilitates the
adoption of film incentives. BEA state-level datareal GDP associated with the “motion
picture and sound recording industries” are usextdate the variableN_FILM_IND (taking
the natural log) Because GDP data for a particular year is niniadly available until the end of
the year, the data are lagged so that during ®8@xample, states would be making decisions
based on 1998 GDP figures. | expect that largestiag film industries will increase the hazard
of adopting film incentives.

To control for another possible channel of diftusiGrossback, Nicholson-Crotty, and
Peterson’s (2004) measure of ideological distas@sio included in the model. Ideological
distance is intended to capture the level of idgicll (liberal/conservative) similarity between a
potential adopter and previous adopters, the prpgambeing that states are more likely to
adopt a policy if it has already been adopted htestwith similar ideological leanings. For
example, conservative states could interpret tlopt@ah of film incentives by other conservative
states as a signal that the policy conforms to@wmagive political principles. Underlying
ideology scores are from Berry, et al. (2010), areldescribed in more detail below.
Ideological distancdDEO_DIST is equal to the absolute value of the differdmegveen the

ideology of the potential adopter and a weightegfage of the ideologies of all previous

* Since the start of risk begins in 1997, this mekd86 data is needed, but unfortunately, the BE#ngled the way
it classified industries in 1997, and there is raywo bridge pre- and post-1997 data. Therefogenkerate 1996
figures through linear extrapolation. | extrapelaased on 1997-2002 data, which is before mastsstalopted
incentives. Therefore, the extrapolated numbeuosilshreflect existing industry size trends priomatwy effects of
adoption (which presumably enlarge the industry).
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adopters. The most recent adopter is given a 58¥ghty and the other 50% encompasses all
other previous adopters.

Finally, a set of variables is included to confal state-specific economic and political
characteristics. Recall that in Michigan, severrviewees attributed policymakers’
willingness to adopt incentives to a sense of dedjom in the face of unprecedented economic
troubles. To represent the overall wealth andlleffeconomic hardship in each state, both the
unemployment ratd NEMP) and per capita GDR.N_PERCAPGSFare included. Like the
film industry data, | use annual numbers and |lagrtiby a year. Political variables include
current (i.e. non-lagged) measures of state govennideology (DEOLOGY)®, legislative
professionalismFROFESS100, a divided government dummpiVIDED), and the corporate

income tax rateRATE?.

Cox Model Results

For the first analysis of the data, | estimateoa @roportional hazards model, which
allows for a nonparametric estimation of the unged duration dependence or baseline hazard.
The mathematical properties of the Cox model’siplikelihood prevents the variable
measuring the total number of previous adoptdidM PREY from being included because its

value does not vary across states at a giventtirfi@e effect of the total number of previous

® Results of the models reported below are robuattésnative specifications of ideological distanioeluding
giving all prior adopters equal weight and squathmgdifference instead of using the absolute value

®| use Berry, et.al.’s (2010§OMINATEmeasure of state government ideology, which rafrges zero (most
conservative) to 100 (most liberal). TROMINATEmeasure is an aggregate measure that accounarfman
affiliation and power in the governor and statadidure.

| use Squire’s (2007) aggregate index of statisletive professionalism, which is intended to capta state’s
“capacity... to generate and digest information i plolicymaking process.” States with legislatuted are more
“professional” have more session days, largerstaffd higher pay. Professionalism scores ramge .0 (least
professional) to 1.0 (most professional), whichultiply by 100 to gePROFESS1Q0Because the index is only
calculated for intermittent years, | linearly exiodate/interpolate the data so there is an anneakuore.

8 | use the maximum rate for states with graduadéel structures. States without a corporate indamare coded
as zeroes.
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adopters is instead absorbed into the baselinedhak#hile the inability to directly test the

effect of NUM_PREMs a drawback of the Cox model, it is neverthelegsortant to do this
preliminary analysis before specifically parametieig the baseline hazard because model
estimates can be very sensitive to how duratioeuni@pnce is parameterized (Box-Steffensmeier
and Jones, 2004). In the next section, the Coxehmegults are used to guide in the selection of

a parametric model for duration dependence.

The Cox model estimates the hazard of adoptiostidei at timet based on the baseline

hazardhy(t) and the values of that individual's covariatesiraet:

hi(t) = ho(t) expp;PCTBORDERADORT) + fIDEO_DIST(t) + fsLN_FILM_IND(t-1)
+ B4CAN_BORDER+ SsUNEMR(t-1) + SsLN_PERCAPITAGSR-1) +

B7RATE(t) + fsPROFESS1QQ) + fsIDEOLOGY(t) + S10DIVIDED;(1)]

Results from the Cox model estimation are repariethble 2. Hazard ratio coefficients
greater (less) than one means that a unit inciagdbke covariate increases (decreases) the hazard
of adopting film incentives. The Cox model beintpeoportional hazards” model, the effects
are modeled to be constant over time, and the ptiopal hazards property is statistically
confirmed using Grambsch and Therneau’s (1994) tesaddition, examination of DfBeta
influence statistics indicate that California hadisproportionate impact on several of the
model’'s parameter estimates. This makes senseetieadly because California is the historical
home of the film industry and did not adopt filnc@émtives until 2009. It is reasonable to believe
that California’s decision process was significadlifferent from other states because it was in a

much more defensive position competitively. Agsuit, | drop California from the model.
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In examining the results related to regional iefloe, the hazard ratios for
PCTBORDERADOP&NdCAN_BORDERre both significant at conventional levels (p 632
and p = 0.097, respectively) and surprisingly thes one. The hazard ratio I6AN_BORDER
implies that sharing a border with Canada redute$i&zard of adoption by almost 60% at any
given time, all else equal. Similarly, increase® CTBORDERADOP@lso reduce the hazard
of adoption by a rather large amount. For exanfplea state with five neighbors, adoption by
one of its neighbors results in a 20 percentagetpacrease iPCTBORDERADOP;Twhich
reduces the hazard of adoption by over 40% [20§(+0.979) = 0.42], all else equal. A
possible explanation for this result is that sthiglgeeve there is a “first mover advantage,” in
which states that act quickly and adopt film incesg before their neighbors (whether other
states or Canadian provinces) will stand to gagnntiost. Being one of the later states means
that much of the potential benefits have alreadgnkdissipated, therefore reducing the urgency

to adopt film incentives.

The model results regarding the size of state ifildustries provide support for the
hypothesis that a larger film industry will creaie impetus for adoption of film incentives. The
hazard ratio fotLN_FILM_INDis 1.504 (p = 0.007), meaning that a 1% increagbe size of
the existing film industry increases the hazardddption by 50%, all else equal, which is quite
a dramatic increase. The only other covariatetinata significant effect on the hazard is
IDEOLOGY (p = 0.058), but the effect is relatively smaMl.one point increase in the
IDEOLOGY score—becoming slightly more liberal on a scal® efmost conservative and 100
= most liberal—increases the hazard of adoptiot.B%6. Although this effect is statistically

significant, it is not very large, which makes ti@n-significant result for ideological distance
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(IDEO_DIST) unsurprising. As the qualitative interview dataroborates, the politics of film

incentive adoption does not appear to have a diyqagtisan aspect.

Other tharilDEOLOGY, none of the economic or political control varedhppear to
have a significant effect on the hazard of adopfiingincentives. In other words, a state with
high unemployment, low corporate taxes, and arad-legislature, all else equal, is just as
likely to adopt film incentives as a state with lowemployment, high corporate taxes, and a
highly-paid full-time legislature. It is actualtite surprising that the economic variables do not
appear to influence whether states adopt film itices because arguments about film incentives
are often framed in terms of economic developmé&iat. example, one interviewee in Michigan
explained that “the economy was so in the tankihang was good if it was going to create a

job.”

Figure 3 provides a kernel-smoothed non-paramesticnate of the baseline hazard. The
baseline hazard can be interpreted as the undgtignard or duration dependence, purged of
the effects of the covariatdsA quick examination of the baseline hazard phmives a strong
pattern of positive duration dependence. ldeall€ox model baseline hazard will not show any
strong trends, which calls for an explanation ef épparent tendency for the hazard to rise over

time in this study.

Three possible explanations for the observed ipesiluration dependence include: a
bandwagon process in which states are influencatedtotal number of previous adopters
unobserved heterogeneity/omitted variables, or emogs influences. The explanation that finds

most support in the interview data is that thers simnply a bandwagon effect, where states felt

® Usually this means estimating the model by setiirgvalues of covariates to zero, but to avoidseosical
covariate values (e.g. a 0% unemployment rate}dined the baseline hazard by mean-centering thieblas
(except the dummy variabl€AN_BORDERNdDIVIDED) and setting them equal to zero.
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increasing pressure to adopt film incentives asenaoid more other states did so (i.e.
NUM_PREV. This would be an example of a “homogeneous mgixirocess,” which used to be
a common assumption in diffusion studies but hasemecently faced criticism (Strang, 1991).
Homogenous mixing models are common in epidemiolgy assume that “non-infected” states
(i.e. states that have not adopted incentivesg¢aqueally likely to be “infected” by any of the prior
adopters. As a result, the proportion of infegtetividuals increases over time in the familiar S-
shaped curve. Strang (1991) argued that schdiard&focus on modeling “heterogeneous
mixing” processes in which the probability thatgoradopters “infect” non-adopters is structured
by political and economic relationships. TRETBORDERADOPVariable is one example that
assumes states are more likely to be “infectedtheyr neighboring states. However, with an
industry as mobile as the film industry, competit@an be felt equally from any other states.
One interviewee related a story of how Washingtmently lost a major motion picture
production to Alabama, a state with which it shdtle in common politically, economically, or

socially.

Another possibility is that there are one or momatted variables that create unobserved
heterogeneity in the model. Of course, omittedaldes can always be a problem in empirical
studies, but as Zorn (2000) explains, in evenbhystnodels, unobserved heterogeneity appears
as negative duration dependence. In cases ofuauspositive duration dependence, such as the
current case, this implies that the observed duratependence is actually too flat. Given that
the task is to explain the existence of positiveatian dependence in the first place, the

possibility of unobserved heterogeneity providegrplanatory insight.

A third possible explanation for the observed pesitiuration dependence is that states

were responding similarly to some exogenous inftesn In 2005, perhaps partly in response to
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the first wave of state film incentives, severah@dian provinces, including Ontario and British
Columbia, increased the generosity of their filloantives (PriceWaterhouse Coopers, 2006).
The provinces may also have been responding teases in the value of the Canadian dollar
compared to the US dollar. Throughout the 199@isetikchange was falling, making Canada an
attractive place for US investment, but beginnm@®02, the exchange rate began to climb
again. Although none of the interviewees spediffaaention this narrative, it is possible that
the 2005 increases in Canadian film incentives hese triggered a second wave of state film
incentives. However, one interviewee with a lomgdry in the industry argues that while
Canadian competition may have been a factor fofitbtewave of film incentives, it was no
longer relevant compared to competition from osttates: “Around 2003, | think | stopped
caring about Canada, when | saw Louisiana and Newidd...” two states widely regarded as

the vanguard of state film incentives.

Parametric Model Results

In order to explore the possibility that states iafluenced by the total number of
previous adopters, parametric event history moaheist be used. Parametric event history
models specify the form of the baseline hazarduoatibn dependence using various parametric
distributions. The exponential model, for examplgs a constant baseline hazard, the Weibull
and Gompertz models each allow monotonic basebazards, and the log-normal and log-
logistic models each allow non-monotonic hazarddsse these five distributions, as well as the
same set of covariates from the Cox model abowkgeatimate ten total parametric models: in

the first five models, | addUM_PREYV the total number of states previously adoptihyg fi
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incentives; in the next five, | also add a quadrarm forNUM_PREWo capture any non-
linearities in the effect dlUM_PREVover time.

Details about the model selection process arengivéppendix A. Of the ten models
considered, an exponential model with the quadsgecification oNUM_PREMit the data
best. Specifically, the model equation is:

hi(t) = exp Po + $iPCTBORDERADORT) + S2IDEO_DIST(t) + sLN_FILM_INDi(t-1)

+ f4CAN_BORDER+ fsUNEMR(t-1) + fsLN_PERCAPITAGSR-1) +
BRATE(t) + BsPROFESS1QQ) + S| DEOLOGY(t) + S10DIVIDED;(t) +
S1NUM_PREMY) + S1:NUM_PREVAY) ]
The constant baseline hazard in the exponentiabkims@xpressed by the term egg)( The
results for this exponential model are given inl&&h

The model provides strong evidence that the tatalber of previous states that have
adopted film incentives affects the hazard of adopfor states. Both terms folUM_PREVare
significant at the 1% level (p = 0.000 and p=0.0@4pectively). The coefficients for
NUM_PREVand its quadratic term suggest that the effettild_PREVis positive but
diminishing and eventually negative (maximum hazanmgached wheNUM_PREMVs just over
34 statesy, which is expected given the general S-shapefffsitin curves. It is also notable
that the regional competition variabl@&CTBORDERADOPa&andCAN_BORDERare no longer
significant at conventional levels.

Results for the remaining covariates are rougbipgarable to the Cox model results.
LN_FILM_IND s still highly significant (p=0.007) and has ahal ratio of 1.393, which is

smaller than its hazard ratio from the Cox modil.else equal, a 1% increase in the size of the

1 The vertex of the parabola can be calculated usimgexponentiated coefficients. AMUM_PREV the
coefficient is 0.3049511 and fdlUM_PREV2 the coefficient is -0.0044387. The parabolaneadts maximum
whenNUM_PREV= abs[-0.3049511 / 2(-0.0044387)] = 34.3514.
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existing film industry increases the hazard of @awpby about 40%, instead of the Cox model's
50%, which is still quite a large effedDEOLOGY s still significant (p=0.043) and has almost
exactly the same hazard ratio as it did in the @oxlel, providing additional evidence that more
liberal states are slightly more likely to adopinfincentives. Again, the remaining economic
and political control variables do not appear tm#icantly affect the timing of state film

incentive adoptions.

Discussion and Conclusions

What factors make states more likely to adopt fiteentives? The two most important
factors seem to be how large a given state’s egistim industry is and how many states have
already adopted film incentives. This study téistse hypotheses about the possible state-to-
state diffusion processes underlying the spreadaté film incentives and finds support for two
of them. Both the Cox model and the parametrimarptial model provide evidence that small
increases in the size of a state’s existing filaustry translate to large increases in the haziard o
adoption. This means that state film industriesaweghly-successful advocates for a policy that
would directly benefit them, and they drew upornirtBeze to exert political influence on state
politics. The qualitative case study evidencetfartsuggests that it was the film industry itself
that served as the conduit for the diffusion ofittesa of state film incentives. In Washington, it
was very clearly the film industry that took théiative to organize itself, develop a policy
proposal, and form a political strategy to getplbécy adopted. In Mississippi, the key leader
was the well-respected and well-connected Film Casioner, and in Michigan, the impetus for
film incentives came from a legislator with stramegs to the local film industry. Those within

state film industries were simply responding ta@ased competitive pressure resulting from the
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adoption of film incentives in other states and &han provinces. In some cases, a state
incentive essentially translates to a 30-40% syhisidall production expenditures. It makes
sense, therefore, that states with larger film stdeis adopted film incentives more quickly, not
only because a larger industry creates a largestitoency with more political power, but
because the larger, more sophisticated industrasaply caught on to the trend of film
incentives faster.

The evidence also suggests that there was a bgodvssyle diffusion process happening
at the same time, as shown by the statisticallyisogint quadratic relationship between the
hazard of adoption and the total number of adopt8tates are influenced simply by the total
number of previous adopters. Perhaps they sediadsy other states as signals that film
incentives are good policies, perhaps they wiglepticate the perceived success of early
adopters, or perhaps they feel increased compeptiessure to keep their existing film business
from leaving for other states. Whatever the readuos diffusion pattern appears to be
happening at the level of state policymakers, gosged to within the film industry.

Importantly, | find little evidence that this “ha@genous” mixing process—where states
are influenced by the total number of previous aeigp—would be better modeled, as Strang
(1991) suggests, by a “heterogeneous” mixing pieaghere states are influenced more
strongly by states with which they share some cotmme or characteristic. For example,
because state ideology appears to be a signifpradictor of timing of film incentive adoption,
one might expect that ideological distance mightliste the diffusion process. That is, states
with ideologies similar to previous adopters mightmore likely to also adopt film incentives.
However, the ideological distance variable wasificant in neither of the models. Another

heterogeneous mixing process would be my first thgms that states are more likely to adopt
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film incentives if their neighbors have. In thexdoodel, | actually find that having additional
neighbors who have adopted film incentives (loolkabBCTBORDERADOP&Nd
CAN_BORDERactuallyreduceshe hazard that a given state might adopt thems fesult is
somewhat puzzling and certainly not consistent withstories of Mississippi and Washington,
which saw the adoption of incentives by neighbojurgsdictions as adding pressure for these
states to adopt their own incentives. Neverthel@sse the homogenous mixing process is
explicitly modeled in the exponential modeCTBORDERADOP&ndCAN_BORDERare no
longer significant (though the coefficient valuee aimilar). The role of regional diffusion,
therefore, is unclear. If indeed having neighlamispt a policy reduces a given state’s hazard, it
could suggest that states perceive a first moveargtdge at the regional level—that is, the gains
dissipate as more nearby states adopt incentiveigsl

Despite the strong evidence for a bandwagon-siyheogenous mixing process, it is
always difficult to rule out other undetected ddflon patterns or exogenous influences to explain
the pattern of positive duration dependence seémeiiCox baseline hazard. The total number of
adopters, as well as many “heterogeneous” diffugarables such @&8CTBORDERADORP,Tis
strictly increasing with time, so it can be diffitto separate out the effects of these variables
from each other and from time itself (i.e. exogenmiluences). It could be the case that
NUM_PREVis simply absorbing the effects of other diffusi@riables and/or exogenous
influences that affect all states. For example, possibility is that after Canadian provinces
increased their film incentives in 2005, it set@fecond wave of state film incentive adoptions.
While this alternative interpretation cannot besdubut, the qualitative evidence does not

support it.
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The diffusion processes suggested by this studijnoincentives do not fit neatly into
the diffusion mechanism categories of learning, petition, imitation, and coercion proposed by
Shipan and Volden (2008) and others. Part ofdbed is that there are two levels of information
dissemination and diffusion: the film industry Iéaad the state policymaker level. The flow of
information at the film industry level is consistewith the workings of a competitive market
with highly-mobile production abilities. Film praders learn about the increasing importance of
incentives. At the state policymaker level, stéasn about film incentive programs enacted in
other states. But this learning by both the fildustry and by state policymakers clearly has a
competitive element to it—they learn about whaeahare doing in order to compete with them.
This study suggests that future studies should pusilrther clarify and distinguish the key
differences between the mechanisms of learningcantpetition.

What is relevant and even alarming about thisystidilm incentives is that state
decisions are driven so strongly by a combinatioanocoutside interest group influence and a
bandwagon style political trend. This analysisvites no evidence that states account for their
individual characteristics or even their similagior relationships to other states when deciding
whether to adopt film incentives. Either statevfincentives are perceived as unambiguously
good policies for every state, which would be sisipg given that Button (2014) has found that
film incentives are ineffective at creating locéinfindustries, or the bandwagon effect has
trumped any political or economic consideratiorat thight make states hesitate to adopt them.
Resolving this question is beyond the scope ofahaysis, but understanding the factors that do

and do not have an effect on the timing of stdie iincentive adoption is an important first step.
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Table1: Variables and data sour ces

Variable

Description

Data Source

Dependent variable:
film incentive
adoption dates

Exact day of approval for each state incentive mog

State legislative websites

PCTBORDERADOPT

Percentage of bordering states that have already
adopted incentives

Author calculations

IDEO_DIST ABS([(MostRecentAdopterldeology + Author calculations based
AllOtherAdopterslideology) / 2] — on Grossback, Nicholson-
PotentialAdopterldeology) Crotty, and Peterson’s

(2004) andDEOLOGY
measure

LN_FILM_IND Natural log transformation of real GDP associatéti w BEA
the “motion picture and sound recording industries”
each state. 1996 figures are extrapolated.

CAN_BORDER Dummy variable where 1 = state shares a border wittAuthor
Canada

UNEMP Annually-averaged unemployment rate for each stateBLS

LN_PERCAPGSP Natural log transformation of real GDP per capia b | BEA

state

RATE Top state corporate income tax rate as of Januafy 1 Tax Foundation, Council of
each year. States without a corporate incomeatiax r| State Governments
are coded as 0.

PROFESS100 Index of state legislative professionalism * 1(Raw Squire (2007)
scores range from 0.0 (least professional) to rhds{
professional). Annual scores are interpolated or
extrapolated from Squire’s (2007) data.

IDEOLOGY Measure of the partisan ideology of state governsenBerry, et.al. (2010)
based on Berry, et.al.’s (201RODMINATEmeasure.

Scores range from 0 (most conservative) to 100 {mos
liberal).

DIVIDED Dummy variable where 1 = a single party does not | Klarner (2013) State
control the governorship and both branches of the | Partisan Balance Data
legislature http://www.indstate.edu/pol

sci/klarnerpolitics.htm

NUM_PREV Total number of states previously adopting film Author calculations

incentives
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Table2: Cox model estimatesfor state film incentive adoptions

Variable Hazard Ratio Robust Std. P-value
Error

PCTBORDERADOPT 0.979 0.010 0.032
IDEO_DIST 1.007 0.013 0.602
LN_FILM_IND 1.504 0.227 0.007
CAN_BORDER 0.419 0.220 0.097
UNEMP 0.755 0.170 0.211
LN_PERCAPGSP 0.146 0.183 0.125
RATE 0.945 0.054 0.321
PROFESS100 1.009 0.017 0.577
IDEOLOGY 1.015 0.008 0.058
DIVIDED 0.973 0.386 0.945
Log-pseudolikelihood -124.62995

Observations 1565

Notes: Results are based on observations of 48 stateki¢ixg LA and CA), of which there were 42 failures.
Standard errors are clustered by state.
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Table 3: Exponential model estimatesfor state film incentive adoptions

Variable Hazard Ratio Robust Std. P-value
Error

PCTBORDERADOPT 0.989 0.009 0.250
IDEO_DIST 1.009 0.013 0.484
LN_FILM_IND 1.393 0.170 0.007
CAN_BORDER 0.530 0.272 0.217
UNEMP 1.032 0.186 0.860
LN_PERCAPGSP 0.274 0.268 0.185
RATE 0.974 0.054 0.632
PROFESS100 1.003 0.018 0.880
IDEOLOGY 1.015 0.008 0.043
DIVIDED 0.984 0.349 0.963
NUM_PREV 1.357 0.111 0.000
NUM_PREV2 0.996 0.002 0.004
Constant 481.481 4937.921 0.547
Log-pseudolikelihood -27.821855

Observations 1565

Notes. Results are based on observations of 48 stateki¢xg LA and CA), of which there were 42 failures.
Standard errors are clustered by state.
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Figurel: Interview Questions

8.

9.

Tell me about your role your state’s adoptidfilom incentives.
Where did the initial idea for film incentiveeme from?

Why did the legislature decide to take up tlme incentives?
How were the details of the incentives poliegided upon?

What types of arguments were made (and by whs)pport or in opposition?

. Why do you think these incentives were adoptkdn they were? (i.e. why didn’t it happen

sooner, later, or not at all?)
Anywhere in this process, did ybaar aboutwhat other states were doing?
Anywhere in this process, did yseek outnformation about what other states were doing?

Which states? Why those?

10. What types of information and where did yotitje

11. How did (didn't) this information influenceetpolitical process or content of the film

incentive program?

48



Figure 2: Kaplan-Meier cumulative failure plot for state film incentive adoptions
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Figure 3: Cox basdline hazard for state film incentive adoptions
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Appendix A: Adjudicating Between Parametric Models

To find the best fitting parametric model, | estiied results for five parametric
distributions: exponential, Weibull, Gompertz, llogjistic, and log-linear. Each model includes
all covariates included in the Cox model, pluseith linear or quadratic specification for
NUM_PREV For each model, | calculated the AIC and BIC:

Specification of

Distribution NUM_PREV AlIC BIC

Exponential linear 90.974 155.242
Exponential quadratic 81.644 151.267

Weibull linear 92.727 162.351
Weibull quadratic 80.922 155.901
Gompertz linear 89.435 159.059
Gompertz guadratic 83.644 158.623
Log-logistic linear 112.958 182.581
Log-logistic guadratic 87.540 162.519
Log-linear linear 102.568 172.192
Log-linear guadratic 101.058 176.037

The AIC and BIC do not agree on which model fits tlata best. The model with the
lowest AIC is the quadratic Weibull model (AIC =.8@2), while the model with the lowest BIC
is the quadratic exponential model (BIC = 151.26+9rtunately, the one-parameter exponential
distribution is nested in the two-parameter Weildigtribution, so a likelihood ratio test can also
be used to compare them. The likelihood ratiogssentially determines whether the extra
parameter in the Weibull model (i.e. the “shape’apaeter that allows for a non-monotonic
hazard) significantly contributes to the fit of tne@del. The p-value for the likelihood ratio test
is 0.099, which is not strongly compelling. Theref | err on the side of parsimony and
determine that the quadratic exponential modetiradest fit. Fortunately, model estimates for
the quadratic Weibull model (not reported, avagalybon request) show nearly identical patterns
of significance and hazard ratio values as the eaptial model, so the choice between the
exponential and Weibull models does not affectstifestantive conclusions of this essay.
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Essay Two: The Diffusion of State Business Tax I ncentives
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In the past several decades, state tax incerfovdrisinesses have proliferated. A recent
investigation of state business incentive progrbynthe New York Times counted 1,874
programs on which states spent an estimated $80chper year (Story et al., 2012). Some
interpret this trend optimistically, describingtetaas “laboratories of democracy” spreading
innovative tax policy ideas throughout the countBthers argue that the spread of tax incentives
is a pernicious “race to the bottom” where statedeucut each other to compete for a finite
amount of business investment or jobs. Althoughkiss by Chirinko and Wilson (2008),
Goolsbee and Maydew (2000), Neumark (2013), and®ii(2009) have shown mixed
assessments of whether business tax incentivesiacessful in creating new jobs and
investment, we still know very little about why t&ts.choose to adopt them.

This essay focuses on four of the most populagdyyd tax incentive policies: investment
tax credits (ITCs), apportionment formula changesearch and development (R&D) tax credits,
and job creation tax credits (JCTCs) to determihatfactors influence states’ decisions in
adopting these incentives. | draw on the literedun state tax competition and policy diffusion
to develop a theoretical framework that models states learn about and decide whether to
adopt tax incentives. | use this framework to dgvdypotheses about political, economic, and
diffusion-related variables that influence the telag and adoption process and then test the
hypotheses using event history analysis techniques.

The results of the analysis contribute to the eicgdiliterature on state tax policy and
economic development and provide a more nuanceerstahding of the factors that influence
states’ adoptions of tax incentives, including evice that is consistent with the idea that states
are “racing to the bottom”—that is, adopting tagantives in response to an overall nationwide

trend rather than adopting them based on statefispaocumstances such as political or
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economic climate. Considering the influence atestspecific variables, patterns of adoption
and diffusion are quite different across the foges of incentives. For example, while having a
greater number of workers in the manufacturing stidusignificantly increases the hazard of
adopting ITCs and JCTCs, it does not appear to hawffect on decisions to adopt
apportionment changes or R&D credits. In additionlike many previous studies in state tax
competition and policy diffusion, | do not find thetates are consistently influenced by whether
their neighboring states have also adopted taxnihas. Neighbors have a significant effect
only for R&D credits, but not for the other typestax incentives.

The analysis also makes a methodological contabub the literature on policy
diffusion by demonstrating the importance of maaglhow diffusion processes change over
time. This study emphasizes a thorough invesbgatf the baseline hazard (i.e. duration
dependence) and non-proportional hazards (i.e-¥angng effects). The baseline hazard in
particular is the key to interpreting the generahtls in states’ adoptions of tax incentives while
controlling for state characteristics, and provittesevidence that suggests states may be racing

to the bottom.

State Tax Competition

Two largely separate strands of literature in eooies and political science have
attempted to discern whether and how states inflr@me another in adopting tax policy. In
economics, tax policy interdependence is interpratecompetition and is studied in the
literature on tax competition. The classic thaoedtview, associated with (Oates, 1972) and
formalized by Zodrow and Mieszkowski (1986; as eswed in J. D. Wilson, 1999) is based on

the intuition that when deciding whether to lonexds, governments account for the marginal
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benefits associated with the fact that some ressdambusinesses will move into the jurisdiction
if taxes are lowered. However, they ignore thegmeal costs associated with the fact that losing
those residents and businesses reduces the taxdfast@er jurisdictions. A social planner
overseeing all jurisdictions would follow the standl Samuelson rule and take both effects into
account, but because single jurisdictions only antéor their own marginal benefits of an
enhanced tax base, they have incentives to setttixeiates at inefficiently low levels. Once

one jurisdiction has lowered its tax rate, for epdanby adopting a tax incentive, other
jurisdictions may try to prevent their tax basesrirfleeing by also lowering their tax rates,
triggering a “race to the bottom.” Researchers sngport the classic view tend to see tax

competition as destructive and efficiency-reducing.

Another view of tax competition combines the imggyof Tiebout’'s (1956) model of
local public goods provision and Brennan and Buah&n(1980) “Leviathan” model (J. D.
Wilson, 1999). In Tiebout's model, under a resivie set of assumptions (including assuming
away inter-jurisdictional spillovers), perfectly bite residents will efficiently sort themselves
into homogenous communities that reflect their gnerfices for various public goods. Brennan
and Buchanan’s model argues that governments atieatenl to maximize their budgets instead
of social welfare (Niskanen, 1971), suggesting tuapetition acts to restrain the otherwise
excessive growth of government. Combining thesegerspectives in a “hybrid” model,
Tiebout-style sorting acts as a disciplining mecsarfor local governments to minimize their
costs—if another jurisdiction can provide the sdevel of public goods for a lower tax price,
then all residents will move there. Pressuresést minimization then act as a check on
Leviathan-style government growth. Under this “hgbmodel, tax competition is lauded as the

essential element that forces state and local gavents to be innovative and efficient.
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The main difference between these models is iin #ssumptions about government
motivations and behavior. Both models, howevezdjat that tax rates will be lower under tax
competition than they would otherwise be, and tloatpetitive pressures force jurisdictions to
mirror the policies of their competitors. The enygal work on horizontal tax competition
focuses on this last feature: studies attempeterchine whether a “reaction function”—the
effect of an increase/decrease in one jurisdicsioax rate on another jurisdiction’s tax rate—is
actually positive. These studies use spatial &gables to measure the effect of other states’ tax
rates. Several studies have estimated reactianifuns for state business tax rates. For
example, Rork (2003) finds a positive reaction ioeint of 0.16 for bordering state corporate
income tax rates between 1967 and 1996. In otbedsya 10% increase in the average
corporate income tax rate of border states resulisl.6% increase in the home state’s rate.
Rork also finds that higher corporate income taggare positively associated with single party
Democratic control of state government and lardgerey populations and negatively associated
with state per capita income.

Deskins and Hill (2010) investigate state tax tieacfunctions from the late 1970s to
2006. For state corporate income tax rates, timelya significant positive reaction coefficient of
0.12" between the home state rate and the populatioghtesl average rate of bordering states.
The reaction coefficient is not significant if berdstate rates are weighted by the distance
between the states’ largest cities or if no weiginésused. They also find that state corporate
income tax rates are positively associated witlsqaal income and sales tax rates and
negatively associated with Republican state govemimDeskins and Hill try to explain the

weak evidence for interdependence in corporateniectax rates by pointing out that businesses

1 They also interact the spatial lag terms with adyatic time trend to see if the reaction coeffitiehanges over
time, but find all interaction terms to be insigo@nt at conventional levels.
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have more opportunities to reduce their taxes tjitdax planning or tax incentives, such as the
ones studied in this essay, so statutory tax eatesf diminished policy importance.

Fox, Hill, and Murray (2014) estimate reactiondtions for state business taxes,
including the business share of property taxeslendiso controlling for vertical tax competition
from local governments. They estimate that a 19&eiase in the unweighted average tax rate
of neighboring states results in a 3.55% increasbka home state’s rate, but the reaction
coefficient is not significant when border state tates are weighted by geographic distance
between the states’ largest cities. Among othaultg, they find that state business taxes are
affected by population, per capita income, andtigali party control.

In contrast to other empirical findings, Chirinkod Wilson (2013) find evidence of
negative reaction functions for state corporateme tax rates, Investment Tax Credit rates, and
capital apportionment weights, the latter two ofehhwill be discussed in more detail below.
They argue that the appearance of a positive mrafiinction (i.e. a race to the bottom) is an
illusion created by all states responding simil&olyxogenous shocks such as foreign
competition. They suggest that their observed tageeaction function implies that if State A’s
neighbor lowers its ITC rate (reduces its geneyqsit will cause capital to flow out of State A
and into State B. State B then uses this “wintifalirease in the tax base to reduce tax rates and
keep overall revenues leVél.In Chirinko and Wilson’s account, therefore, nependence in
state tax policy is not a matter of states readtngplicy changes in other states but of states
reacting to changes in their own tax bases (whieloaly incidentally caused by tax rate

changes in other states).

12 Chirinko and Wilson argue that one state’s readtina tax increase/decrease in another state deperthe
income elasticity of preferences for public verptisate goods. If State A decreases its tax diying tax base
away from State B, State B can respond to decrdasa@venue either by cutting public spendingH# relative
preference is for private goods) or increasing $amemake up the difference (if the relative prefiee is for public
spending). The latter instance is a case of ativegaaction function.
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In general, there is no clear consensus in thedapetition literature on the nature of
interdependence in state business tax policy. \g¢hdear from the tax competition literature,
however, is that results can be very sensitiveadehspecifications. For example, as Chirinko
and Wilson (2013) show, the reaction function dgndigns depending on how cross-sectional
and time dependence are modeled. In additionysbeof spatial lags makes it very tempting to
try multiple complex weighting schemes to find dhat produces significant results, but this can

quickly turn into a “fishing expedition” without #oretical guidance.

Policy Diffusion and State Tax Policy

The other major areas of scholarship that foculsam states influence each other in
adopting policies are the policy interdependenakpiicy diffusion literatures in political
science. Unlike the tax competition literatureegonomics, which implicitly assumes that the
nature of tax policy interdependence is competitpaditical scientists posit a variety of
interdependence mechanisms, including learningatmain, coercion, common norms, and
taken-for-grantedness, in addition to competitBra(in, Gilardi, Fuglister, & Luyet, 2007;
Shipan & Volden, 2008). A major emphasis in theent literature is to examine how multiple
mechanisms may operate in a single policy contExt. example, Basinger and Hallerberg
(2004) and Gilardi and Wasserfall@arthcoming) show that competitive pressures in
international tax competition are mitigated, respety, by domestic political conditions and the
socialization and development of common norms anpaligymakers.

However, the research on policy interdependencaddfuion has been criticized for
being inconsistent and sometimes contradictoryoi faarious diffusion mechanisms are

operationalized and measured in empirical rese@ciham, Shipan, & Volden, 2013; Maggetti
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& Gilardi, 2013). For example, many studies estarthe effect of a variable that captures
policies in bordering states. This kind of varehbkually represents a process of regional
learning (e.g. F. S. Berry & Berry, 1992), but abjust as easily be interpreted as evidence of
competition or imitation. As a result, there hagt a renewed emphasis on clarifying the
theoretical underpinnings of policy interdependeaice diffusion studies (Shipan & Volden,
2012).

Related to the broad literature on policy inteelggence, policy diffusion research
usually studies the adoption of discrete policyowations. The dependent variable, therefore, is
usually a dichotomous indicator of whether a patcpolicy was adopted by the state (or other
observational unit) during some interval of timé€a a year), or alternatively the duration of
time until the state adopts the policyPolicy diffusion models have been used to study a
handful of state tax-related policies, including #idoption of state income and sales taxes (F. S.
Berry & Berry, 1992; Hayes & Dennis, 2014); ent&erzones (Mossberger, 2000), tax and
expenditure budgets (Metcalf, 2012), the dedudtybaf federal income taxes (Hayes and
Dennis, 2014), apportionment formula changes (C8n8helley, 2004), and R&D tax credits
(Hearn, Lacy, & Warshaw, forthcoming; Miller & Riald, 2010). | review the last three, which

are specifically related to the taxation of busimas detail in the next section.

State Business Tax | ncentives
As Makse and Volden (2011) and Boehmke and Ski(22) have noted, there is a
relative lack of policy diffusion studies that exasmmore than one policy, making it difficult to

generalize their findings. Makse and Volden’s gtpbvides evidence that characteristics of the

13 Time-series—cross-section data are similar to lpdate except that they generally have more tinriogs (T)
and fewer cross-sectiond)( As Beck, Katz, and Tucker (1998) explain inalletime-series—cross-section data
with a binary dependent variable are identicalumation data grouped by time intervals.
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policies themselves, such as levels of complexty @oservability, affect how quickly and
through which channels diffusion occurs. An imation of their work is that policies with
similar characteristics should show similar pateshdiffusion. This study examines four of the
most popular types of state business tax incentlngestment Tax Credits, apportionment
formula changes, R&D tax credits, and Job Crealiax Credits. All four of these incentives
are designed to reduce the tax burden on in-steti@éss and encourage increases in in-state
jobs and investment, and they are all broadly atéalto most or all businesses, as opposed to
narrowly targeted at a specific firm or indust@dthough it should be expected that there will be
differences in the factors that affect the adoptgrsay, an R&D credit versus an ITC, these
four incentives should be similar enough to reflaty major themes in states’ general
approaches to tax incentives for business. Intiaddithe individual incentive policies are
similar enough from one state to the next so taption by one state is comparable to adoption
in another state. This does not mean, for exaniiples are identical in all states, but as
discussed in more detail below, the four typesioéntives in this study have been recognized
by other authors and tax professionals as belortgitize same general categories.

The tax incentives in this study were chosen pésticause they are relatively widespread
among states—in other words, | oversample castsxgdolicy in which diffusion is most likely
to have occurred as part of a “most-likely” caded®n strategy. If only a handful of states had
adopted a policy, the sample size would be toolsméhd significant relationships between
variables. Using this sampling strategy requirebght qualification of the research question
from: how do tax incentives diffuse to how do tagentives diffusegiven that they diffuse at

all? The former question is an interesting one anagesauthors have explored how attributes of

60



the policies themselves affect the speed and eatahtfusion (Makse & Volden, 2011), but the

guestion is beyond the scope of this essay fomlessitax incentives.

Investment Tax Credits

State investment tax credits (ITCs) provide busses with a credit against their
corporate income taxes typically equal to somegrgeage of in-state capital investment during
the prior year and are intended to encourage bssaiseto invest in-state instead of elsewhere.
As Chirinko and Wilson (2006) describe, state I'@se proliferated over the past several
decades, and they have also increased in averageogéy. The first state to adopt an ITC was
New York in 1969, and by 2010, 25 total states &dobted ITCS? Based on visual inspection
of US maps, Chirinko and Wilson (2006) suggest thate have been four geographically-
clustered “episodes” of ITC adoptions: in the Negst between 1969 and 1975, in the Central
Midwest between 1975 and 1986, in the Rust Belvbenh 1995 and 2003, and in the Southeast
between 1995 and 1996.

Chirinko and Wilson (2008) find evidence that velstate ITCs do seem to increase
investment in states that adopt them, this incikaseestment appears to be at the expense of
investment in other states, suggesting that statem a “race to the bottom.” However, as
mentioned above, Chirinko and Wilson (2013) fingegative reaction function for state ITC
rates, meaning that one state’s ITC rate is inWerséated to nearby states’ rates. They also find
evidence that more generous ITCs are associatbdDeinocratic state governments and smaller

state populations, but they argue that most oflttvenward pressure on state tax burdens on

14 California and Maine subsequently repealed theidits. For the purposes of this study, howevamlonly
interested in the initial adoption. Why statesratmm business incentives would be an interestiag for future
research.
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capital is a result of states responding simil&slgxogenous shocks, including macroeconomic

conditions and global competitive pressures.

Apportionment Formula Changes

In addition to using various tax credits, statesalso increasingly manipulating their
corporate income tax apportionment formulas t@ettjobs and investment (Edmiston, 2002;
Goolsbee & Maydew, 2000F-ormula apportionment is a method used by statdstermine
what proportion of a business’ total income candxed by that state. It requires firms to
calculate their total national income and multipligy an “apportionment factor,” which is
supposed to be a measure of the firm’s presena@articular state. The apportionment factor
¢ in statg is determined by three underlying factors: thepprty factor, the payroll factor, and

the sales factor:

T

) L:
_ P J L] S

n

P, L, andSare the firm’s total property, payroll and salespectively, an®®j, Lj, andSjare
property, payroll, and sales in stateThea terms are weights assigned to each of the fabtors

statej and usually sum to one.

For this study, the policy change of interest staede moving from an equally weighted
formula ¢~ = o = ¢ = 1/3 to a formula that more heavily weights the salesofa@® > 1/3,
while o = a" <1/3). The logic is that having too much weighttbe property and payroll
factors punishes businesses that have made invatstiarad created jobs in a state. For example,
automotive manufacturers have lobbied Michiganb@anaon the property and payroll factors in

favor of a single sales factar™(= 1.0, whilea” = o = 0) because they have a higher
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concentration of their property and payroll in Mgdn, while their sales are spread out over the

whole world.

Prior to 1978, most states had equally-weightegettiactor apportionment formulas as a
result of a push for uniformity by the MultistatexiCommission. However, the Supreme
Court’s decision irMoorman Manufacturing Company v. B&437 U.S. 267) in 1978 upheld
lowa’s single sales factor apportionment formuld assentially gave states free rein to abandon
equally-weighted formulas and set their own appartient policies. In 1978, only lowa,

Florida, Massachusetts, New York, and Wisconsiml @ggortionment formulas that put greater
weight on the sales factor. As of 2010, 33 sthtebsincreased the weight on their sales factors
(Bernthal et al, 2012).

There have been several studies of the effectpdrionment changes on employment
(for a review, see Bernthal et al., May 2012). @rilkiential study by Goolsbee & Maydew
(2000) shows that a state’s increasing the weightsosales factor (with corresponding
decreases on the property and payroll factor we)ghgnificantly increases employment in that
state, at the expense of employment in other st&teslarly, Edmiston’s (2002) simulation
model suggests that once one state has movedgle sales factor apportionment, as lowa did,
it is in the interest of other states to do so ab t@ try to capture some of the economic benefits
of increased employment or to prevent the losslog fo other states. Edmiston also shows that
there is a distinct first mover advantage, andettenomic benefits dissipate as more states adopt
single sales factor apportionment policies.

Omer and Shelley (2004) use an event history mimdexamine the diffusion of
apportionment formula changes. They hypothesiaediffusion could take two forms:

“strategic tax competition” and “regional diffusiénTo measure competition, they use two
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variables that measure the number of previous adg®pimong neighboring states that also share
similar industries or that also share cross-bokd8As. They control for regional diffusion with

a variable that measures just the number of negidpstates previously adopting the change,
which is intended to reflect neighbor influenceartiess of competitive relationships. They

find that both competition variables have signifitpositive effects on the likelihood of

adoption and that their regional diffusion variatsl@ot significant. They also find evidence that
poorer states with higher unemployment rates @& rabre likely to change their apportionment
formulas.

In contrast to Omer and Shelley’s findings, Chkarand Wilson (2013) find a negative
reaction function for the capital apportionmentéaaveight, which states usually reduce at the
same time they increase the sales factor weigbtwigh state corporate income tax rates and
ITC rates, they argue that decline in capital appoment weight since the late 1970’s is not the

result of interstate tax competition but rathergamous shocks to which all states respond.

R&D Tax Credits

Similar to ITCs, state R&D credits allow businesse offset their corporate income taxes
by an amount equal to some percentage of thetiate-RR&D expenditures in the previous year.
States began adopting R&D credits shortly afterctieation of a federal R&D credit in August
of 1981. The first state to adopt an R&D credisvinnesota in 1982, and as of 2010, 38 states
had adopted them. Wilson (2009) found that R&Dditsedo increase R&D spending in states
with the credits, but the overall pattern is agagero-sum game among states.

Two recent studies have examined the spread tef R&D credits from an economic

development policy perspective. Miller and Rich@@10) use both interview data and
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guantitative event history data to test hypothéisasR&D credit adoption is related to various
factors including economic conditions, existing R&Etivity, and adoption by other states.
They model diffusion in two different ways. In thBrst model, they include a variable for the
percentage of neighboring states that have adopiettheir second model, they develop a
measure to match each state with five most “sirhdtates in terms of population, patent
activity, manufacturing share, and income and dperalize the diffusion variable as the
percentage of “similar” states that have adopfHaey find evidence that an increased hazard of
adoption is associated with higher unemploymengelamanufacturing share of total jobs, and
higher corporate income tax rates. In both modeésdiffusion variable is significant, but the
coefficients suggest that increases in adoptionsgighboring or “similar” states actually
decrease the likelihood of adoption. This findimgkin to negative reaction function results
from tax competition studies.

Hearn, et al. (forthcoming) also look at statepams of R&D credits using event
history analysis and seek to test hypotheses detatbigher education, political and economic
conditions, and diffusion. They find that adoptierassociated with higher unemployment rates,
higher patenting activity, and Republican governamong other findings. They find no
significant effect for their diffusion variable,emumber of neighboring states adoptingnd
interpret this as evidence against geography-basexstate competition. Instead, they suggest a
“leader-laggard” type diffusion process where twder states are “well known for preexisting
economic development, strong research universdias technological innovation, including

California, Minnesota, Massachusetts, and lllin¢s"12).

5 This is a slightly different formulation than theoportion of neighboring states adopting, which is used ie¥
and Richard (2010) and this essay. | discusstbiist in more detail below.
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Job Creation Tax Credits

State Job Creation Tax Credits (JCTC) provide @@ie income taxpayers credits for net
job creation. Like the R&D credit, the federal govment started the trend when it adopted a
“New Jobs Tax Credit” in 1977. While the overatisign of state JCTCs is similar, state credits
vary by how they define “new” jobs, whether thedités based on employee compensation or
withholding taxes, and on the credit amount or iig&lf (Chirinko & Wilson, September 2010).
Connecticut and Ohio were the first states to adaf€ TC in 1992, and by 2010, a total of 24
states had adopted a JCTC.

Chirinko and Wilson note that the total numbeadbpters over time seems to follow an
S-shaped pattern, with few states adopting at fofowed by a growing rate of adoption, and
then tapering off. They also note that states W@ACs tend to be concentrated in the East.
Their preliminary analysis indicates that JCTCdhdue a modest positive effect on in-state
employment, but they have not yet conducted anlysesito determine whether there is any net
job growth when considering all 50 states. A récewiew article by Neumark (2013) concludes
that state JCTCs (he refers to them as hiring tepiobably have modest positive effects on
job creation, but using this policy, states speetiveen $9,100 and $75,000 per job created.
Neumark points to a study by Bartik and Erickce®1(@), which estimates that at least 92% of

credits are for jobs that would have been creatgavay.

As this summary of four major state tax incentiseews, the prevailing thinking among
tax policy researchers is that state tax incentias® small positive effects on jobs and/or
investment, but are not particularly cost-effectivestate governments. Moreover, as many

have suggested and Chirinko and Wilson (2008) aiisovw (2009) have confirmed, tax
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incentives are likely a zero-sum game betweensstabme state’s gain is another state’s loss. Of
the studies that have attempted to determine wadtgstdopt or change these policies, the results
are mixed. Some point to interstate competitioa agnificant factor (Omer & Shelley, 2004),
while others argue that state characteristics ogenous factors matter more (Chirinko &

Wilson, 2013; Hearn et al., forthcoming). Nevel#iss, states continue to adopt these
incentives, and if interstate influence is notetda, it is remarkably coincidental that states are

adopting such similar policies to reduce tax busdem business.

A Modéd of Policy Adoption and Diffusion

In developing a theoretical framework from whichderive hypotheses about the
adoption of state business tax incentives, | tmespond to several criticisms of the policy
diffusion literature: vague conceptualization apemtionalization of diffusion mechanisms
(Maggetti & Gilardi, 2013), failure to recognizeetibonditional nature of diffusion (Neumayer &
Plumper, 2012; Shipan & Volden, 2012) and failer@nalyze and interpret the baseline hazard
(Bennett, 1999; Carter & Signorino, 2010; Zorn, @00

The first step in developing a theoretical fram#guwis to recognize the differences
between conceptualizations of learning and compatih the tax competition literature in
economics and the policy diffusion literature idipcal science. As mentioned above, learning
is not explicitly recognized as a mechanism ofrsé@endence in economics. The traditional
economics assumption is one of “perfect informationwhich any information is instantly
available to all actors, who immediately analyzantl respond rationally—that is, competitively
or strategically. Therefore, in neoclassical eeolmatheory, learning is an automatic

homogenous function of all actors. In politicalesice, however, learning is an imperfect and
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heterogeneous process that takes place over #tters are usually assumed to be “boundedly
rational,” relying on heuristics and satisficingarder to make decisions with limited resources
of attention, cognitive capacity, and informati&ikins & Simmons, 2005). In this way, the
process of learning will be different for actorghwilifferent resourcesAs Mossberger (2000)
describes, states vary widely in what kinds of infation they are exposed to, what kinds of
information they seek out, and how they use thatimation to make decisions. In the policy
diffusion literature, the definition of learningusually limited to learning about the success or
failure of a policy in other adopting states (ShigaVolden, 2008), a process sometimes called
instrumental learning (May, 1992). However, maeently, Shipan and Volden (2012) have
pointed out that actors may also seek to learntabeipolitical aspects of a policy, also known
as political learning (May, 1992). May (1992) ajmoposes that policymakers engage in “social
learning,” which involves changes in the socialstouction of the policy problem, expectations,
and goals.

For this study, | attempt to find a middle groletween the conceptions of learning in
economics and political science. Drawing from exuoits, | argue that learning is ubiquitous
and automatic and that most new information ab@iven policy is quickly and widely
available to all actors in a system. An implicataf this argument is that it is highly improbable
that the same policies would arise in two differgtates entirely independently. It is unrealistic
to assume that a state developing a policy ideddvmat at a minimum have heard if another
state has already adopted the policy. Such atisituaould require willful ignorance. Even
policy diffusion scholars are starting to acknovgedhat with modern communication

technology and interstate organizations like thadwal Conference of State Legislatures acting
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as clearinghouses of information, today’s policyerakhave access to vast amounts of policy
information (Shipan & Volden, 2012).

However, while neoclassical economic models uguwsume that actors can instantly
evaluate these vast amounts of information, | atgaebounded rationality is a more realistic
view of the decision-making capacity of policymakeiThe sheer quantity of information
available to policymakers makes the developmeneocfsion heuristics and shortcuts almost
necessary. As evidenced by the growth and popylairbehavioral economics, there is some
indication that economists are conceding that pedph’t always behave as strict utility
maximizers. Even to the extent that they can nikdagsions rationally, policymakers are often
faced with what economists call uncertainty andrasgtric information. For example, if a
particular policy has proven successful in oneestéiat is not a guarantee that it will be
successful in another (uncertainty), or an adopiate may attempt to obfuscate unsuccessful
policy experiments.

Figure 1 outlines a model of policy adoption aiftldion based on this conception of
learning. The first step in a diffusion process occurs whenfirst state considers adopting a
policy, and this provides the raw material from @fhother states can learn. Information about
state policy adoptions may come from media covertdgelegislation itself, policy analysis
documents, documents created by interest groupgketrch, 2007). Early in the diffusion
process, it is likely that the only information dsahle to other states is that a policy exists and
that certain states have adopted it. Over timey@® states adopt the policy, new information
will likely emerge as various stakeholders evaluhgesuccess of the policy, as implementation
challenges are met, and as interest groups drgablparties take positions on the policy.

However, as Elkins and Simmons (2005) point ounettmes even after the policy starts to
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spread, states may still have little informatioydred knowing which other states have already
adopted the policy.

Information relevant to a particular policy cas@be generated by events outside of the
diffusion process—in methodological terminologypg&nous shocks. For example, the rate of
adoption of a state tax incentive may be influenmgdational or global macroeconomic
conditions such as the business cycle or changespital mobility. These exogenous factors
will tend to affect all states in similar ways amay create the illusion of interdependence when
in reality states are independently reacting toraraon stimulus, an issue known as Galton’s
problem (Franzese & Hays, 2008).

All of this policy-relevant information, whetheegerated endogenously through
accumulated information about state adoptions @dmge exogenous event, is publicly available
and easily accessible to state policymakers. Qis\yo however, states vary in whether and how
they access and respond to this information. lAstriated in the second box of Figure 1, | argue
that political and economic characteristics affemtv quickly states learn, how they interpret
information, which pieces of information are deenmagortant, and/or how quickly states react
to information. For example, a state that is gjhig economically may be actively searching
for information about policy ideas designed to @age jobs and may be more willing to
experiment with policies, whereas a state thabiagiwell may only hear about a policy idea in
passing. States may also be unsure whether g/paddia is compatible with their ideological
predisposition and look for cues from the ideole@é previous adopters (Grossback,
Nicholson-Crotty, & Peterson, 2004). If statesceere that there is a competitive element to a
policy, as is often the case with tax incentivesntthey may be particularly responsive to

information about whether their competitors, howedefined, have adopted the policy. Itis
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important to note that this process of learningsdoat require that what is learned be true in an
objective sense. States are simply satisficingi¢®i 1956), so the learning process is expected
to be imperfect. The final step in Figure 1 istloe state to decide, given what it has learned,
whether to adopt the policy and whether it hasceq@acity to do so. In the next section, |
develop hypotheses about how certain state-levehias condition the learning process when
states are deciding whether to adopt businessitaxtiives.

The learning process in this model of policy adwpand diffusion can also be
visualized in terms of the baseline hazard in ewhestbry analysis, which illustrates how the
hazard of adopting a policy changes over time,rodiintg for the effects of covariates (i.e.
holding covariates at their mean values). In otherds, the baseline hazard is an illustration of
duration dependence. It traces the hazard fovarage or representative state and reflects how
the general impression of the policy changes awee.t A period of rising hazard would show
that the policy is generally becoming more popolzsr time—perhaps adopters have had some
success or macroeconomic conditions encourageiadop® period of falling hazard would
show that the policy is generally becoming lessutepover time—perhaps there is growing
doubt about the policy’s effectiveness or macroeatin conditions discourage adoption. This
last point is worth reiterating because it allowsthe possibility for learning to result in non-
adoption. As Elkins and Simmons (2005) have ndtesldiffusion literature can sometimes
wrongly define diffusion as an outcome—the wideagdradoption of a policy—instead of

diffusion as a process involving interdependence.

Data and Hypotheses
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Table 1 summarizes the variables, data sourced)yputheses. Each row for the
dependent variables shows the year that is usdatdatart of risk, which is when the diffusion
process is considered to begin. For the ITC, tie of risk is 1970, the year after the first stat
(NY) adopted an ITC, and New York is excluded fribra analysis. For apportionment formula
changes, the start of risk is 1979, the year #fieMoormandecision, andowa, Florida,
Massachusetts, New York, and Wisconsin are exclérded the analysis. For the R&D credit,
the start of risk is 1981, the year the federal R&Bdit was enacted. For the JCTC, the start of
risk is 1991%° All models in this study exclude Nevada, Soutlkda, Texas, Washington, and
Wyoming, states that do not have corporate incaxest As with all event history data, once a
state has adopted the incentive, it is right-ceet@and contributes no further observations to the
analysis. Figure 2 provides Kaplan-Meier failuletpto show the cumulative proportion of
states adopting each incentive over the time oatladysis. Typical diffusion processes will
have an S-shaped Kaplan-Meier plot (Rogers, 20@3h appears to be plausible for three out
of the four plots. However, the JCTC plot appéarsave a more concave shape, similar to
Boushey’s (2010) “policy outbreaks,” which are dgfon patterns initiated by exogenous
shocks.

Table 2 provides descriptive statistics for thaeipendent variables described in this
section. Statistics are shown for each incentivéviio years: the start of risk and the last year i
the study, with adopters and non-adopters sepafatedmparison.

The first independent variable measures the ptagerof neighboring states that have
already adopted the policy. This variable is vasynmon in policy diffusion studies, but is used

inconsistently by authors and is therefore diffi¢alinterpret. It has been used to operationalize

8 While the federal government adopted the “New JtdsCredit” in 1977, states did not start adopti@j Cs
until the 1990s.
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mechanisms of learning, emulation, and competitMaggetti & Gilardi, 2013), and is probably
best described as a proxy for many possible chami@hterdependence. Whether a state is a
neighbor is therefore a heuristic for whether gestsimilar in terms of a variety of economic,
political, social, or geographic characteristi¥8hile more precise diffusion variables could be
defined based on various spatial weighting schefoeshe present purposes of comparing
interdependence across four different policiespaenbroadly-defined measure is preferred. In
addition, using this variable allows the resultsho$ study to be compared to other studies. In
the context of the theoretical framework used ia ghudy, influence from geographic neighbors
is not a source of learning, which assumes thatesom geographic neighbors share policy
information that is not available to other statbsstead, | argue that states may be likely to
actively seek out information about whether theiighbors have adopted a policy for two
possible reasons:

¢ Neighbors are viewed as similar and therefore woofremulation. In this way, states

can free-ride on the presumably well-researcheitydkcisions of neighbors.
e Neighbors are viewed as competitors, and staté$eeil competitive pressure to adopt
the same incentives.

Both of these explanations predict that an incre@asige neighbors variable will increase the
hazard of adoption, but as Chirinko and Wilson @Uiave argued, if other states reduce their
tax burdens, it may draw tax base from the honte stéhich will then raise its taxes to keep
revenues unchanged. This explanation is consigtiémthe neighbors variable reducing the
hazard but imot evidence of policymaking interdependence becaakeymakers are not

necessarily aware why their tax base has shrunk.
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While neighbors may be a proxy for overall simtlgrstate policymakers may also seek
out information about states that are ideologicsiliyilar (Grossback et al., 2004). For example,
if a conservative state is considering adoptinglacyp, it may help to know about whether the
states that have already adopted the policy atsbttebe conservative. If so, the state can take
it as a signal that the policy aligns with consémeapolitical values and strategies. The closer
the ideological alignment with prior adopters, there confidence the state will have in also
adopting the policy, and vice versa for greateoidgical distance, which is expected to reduce
the hazard of adoption. The ideological distareable, based on Grossback, et al. (2004) is
equal to the absolute value of the difference behntbe state government ideology of the
potential adopter and a weighted average of th@lagees of all previous adopters. The most
recent adopter is given a 50% weight, and the d@fes encompasses all other previous
adopters.” Underlying ideology scores are from Berry, esg2010)NOMINATEmeasure of
state government ideology, which ranges from 0 (roosservative) to 100 (most liberal).
NOMINATEIs an aggregate measure that accounts for padffiiation and power in the
governor and state legislature.

| also control for party control of the goversloip and state legislatures using data
from Klarner (2013}2 The governor party variable is a dummy varialjea to one when the
Governor is a Democrat and zero when he or sh&®epablicart’ | expect that Democrats will
generally be skeptical of policies that are comgideax breaks for business, so both of these

variables are expected to reduce the hazards gtiado

" Results of the models reported below are robualtésnative specifications of ideological distanioeluding
giving all prior adopters equal weight and squatimgdifference instead of using the absolute value

'8 Using Berry’s (2010) single measure of governnigeblogy is an alternative, but there is some awiéethat
governors in particular take an active role in poting tax incentives (Hearn et al., forthcoming).

1 Out of 2,050 total observations, there are 24 tipas Maine and Minnesota, where the governorgys
“other” and the variable takes on a value of 0.5.
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Another important variable that affects how stai@s learn about and react to
information about policy ideas is legislative psd®nalism. | use Squire’s (2007, p. 211) index
of state legislative professionalism, which is ntted to capture a state’s “capacity... to generate
and digest information in the policymaking procésStates with legislatures that are more
“professional” have more session days, largerstafid higher pay. Squire’s professionalism
scores range from 0.0 (least professional) to hds{ professional) and are multiplied by 100.
States with higher levels of professionalism shdwdlde greater capacity to make better-
informed decisions about policy adoption and greeca@acity to adapt policy ideas to their
states’ own specific circumstances. Thereforgpkeet that higher professionalism will be
associated with increased hazards of adoptingizentives.

Manufacturing businesses are often the targe@pieats of business tax incentives
because they often make highly visible investmantapital and labor and are relatively R&D
intensive compared to other industries. | expeat the size of a state’s manufacturing industry,
measured as the logged total number of employet®imanufacturing sector, will influence
the policy learning process in several ways. fdamanufacturing sector will be able to exert
more political influence on state policymakers.e¥hvill promote a favorable interpretation of
information on tax incentives and lobby and advedat incentives over the course of the
legislative process. Perhaps even more importamiéynufacturers, along with the business
community in general, may actually act as a chaforaghe diffusion of ideas. Because they
naturally feel competitive pressure within theirrowdustries, they will always be seeking ways
to gain a competitive advantage. Convincing stai@gve them tax breaks is one increasingly
popular way to accomplish this. Larger and molmusb state manufacturing industries will have

a greater capacity to both generate and promotmtaxtive policies in their states. Therefore,
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manufacturing employment should be associated nwitleased hazards of adopting tax
incentives.

Because larger states will tend to have more naatwfing employees simply because of
their size, | also include logged population in thedels. The expected effect of population,
however, is ambiguous. On one hand, there is aealthat larger states tend to be more
innovative, perhaps because they have more “sksturces” and therefore may be more willing
to take risks in adopting policies (Boehmke & Slanr2012). However, studies on “asymmetric
tax competition” have shown that jurisdictions wstmaller populations have an incentive to be
more aggressive in reducing taxes because thetoapital is more sensitive to tax rate
changes in smaller jurisdictions (J. D. Wilson, 999

State economic conditions will also affect howtestdearn about tax incentive policies.
Difficult economic times may make state policymaketore like to actively seek out
information about policies that have the poternbahcrease jobs and investment. Therefore, |
expect that the unemployment rate to be assocratbdncreased hazards of adoption and
logged real state per capita income to be assocvatd reduced hazards of adoption. Similarly,
| expect that higher corporate income tax ratektesild to increase the hazard of adopting
incentives. Facing a high tax rate, in-state esses are more likely to suggest policy ideas and
lobby policymakers to adopt incentive policieséduce their tax burdens. Policymakers may
also be more receptive to, or even actively seékpmlicies that can reduce the tax burden on in-
state businesses.

Finally, | hypothesize that the baseline hazaod®ch of these tax incentives—which
show the rates of adoption controlling for covasat-will be shaped like an inverted U, with a

period of rising hazard followed by a falling hazaif prior studies about state business tax
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incentives are correct in the characterizatioragfihcentives as a zero-sum game (Chirinko &
Wilson, 2008; Goolsbee & Maydew, 2000; D. J. Wils2009), it means that the potential
benefits of adopting a tax incentive (e.g. increlgsbs and/or investment) will fall as more
states adopt them—a “first mover advantage”—butay take time for some states to realize
this. The hazard of adoption should rise at faistinformation begins to spread and more states
become aware of the zero-sum nature of the situat@ver time, however, as the benefits of
adopting tax incentives are dissipated, the haggadioption should eventually peak and begin

to fall.

Results

Cox Model Results

The data are first analyzed using a Cox proportibaaards model, in which the hazérd
that state adopts the incentive at timhés a function of the baseline hazdxdand time-varying
covariate values; (t):

hi(t) = hoexp [B'x;(t)]

The hazard can be thought of as a conditionalaaéeloption. It expresses the probability of
adoption at time given that the state has not yet adopted the fiveenCoefficients are reported
as hazard ratios, which are similar to the oddesaeported in logit regression. Coefficients
greater (less) than one indicate that a unit irseréa the covariate corresponds to an increase
(decrease) in the hazard of adopting the incent&tandard errors are clustered by state and tied
observations are handled using the Efron metha@EL977). Results are presented in Table

3.
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The first thing to notice upon inspection of TaBles that very few covariate results are
consistent across all four types of business teagritives. The set of variables that significantly
affect the hazard for one kind of incentive is thet same set of variables that affect the hazard
for another type of incentive, which is somewhapssing because the tax incentive policies
were chosen to be as similar as possible. Infacgpportionment changes, none of the
coefficients achieve significance, although a Waekt indicates that the model as a whole is an
improvement on the null model with no covariates (2.001).

Consistent with many other policy diffusion stugdia higher percentage of neighboring
states adopting an incentive appears to be assdciath a greater hazard of adoption for the
home state. For all four incentive types, the ftaehts for this variable are greater than one,
although only for the R&D credit does it achievatistical significance. This finding contrasts
with the results of Miller and Richard (2010), wiad that the percentage of neighbors adopting
significantly decreases the hazard, and Hearr, @bethcoming), who find no significant effect
associated with neighbor adoptions.

The results for ideological distance are also reogtto expectations. For all four
incentive types, the coefficients are greater thaa (with statistical significance achieved for
R&D credits and JCTCs), indicating that a largeraldgical distance between prior and
potential adopters is actually associated witihareasedhazard of adoption.

Results for the political party control variabbre mixed. Coefficients for the
Democratic governor variable all suggest thatduees the hazard of adoption, although none
reach statistical significance. Coefficients fegiklative control, however, suggest that
Democratically-controlled legislatures are gengralbrelikely than Republican-controlled

legislatures to adopt business tax incentives, bemaurprising finding. The legislative control
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variable is significant for ITCs and JCTCs, indiagtthat fully Democratically-controlled state
legislatures are 5.7 times as likely to adopt & &hd 3.7 times as likely to adopt a JCTC as
fully Republican-controlled legislatures, all eksgual.

The Cox model results also show that legislatradgssionalism has a relatively small
effect on the hazard of adoption. It is significkor the ITC and JCTC, but a ten point increase
in the professionalism score (on a 100 point saa) corresponds to a 20-30% increase in the
hazard of adoption, all else equal. As expecteginumber of manufacturing employees in a
state is associated with an increased hazard gitiadaall four types of tax incentives, and
significantly so for the ITC and JCTC. For exampld.% increase in the number of
manufacturing employees more than triples the lobabadopting an ITC, all else equal. The
results for the population variable suggest thaafbfour incentive types, smaller states are
more likely to adopt, consistent with the hypotkdbat smaller jurisdictions compete more
aggressively in cutting taxes. The populationatale is significant only for the ITC model,
indicating that a 1% larger population is assodatéh an 84% reduction in the hazard of
adopting and ITC, all else equal.

The economic conditions variables also have migedlts. A one percentage point
increase in the unemployment rate, all else egigjficantly raises the hazard of adopting an
R&D credit by 30%, a quite large effect, but does significantly affect the hazard of adopting
ITCs, apportionment changes, or JCTCs (and makygiower the hazard of adopt for JCTCs).
Real per capita income is not a significant prexiat any of the models. Finally, it is not
entirely clear that higher state corporate incoaxerates uniformly result in an increased hazard
of adopting tax incentives. While a one percenfagat increase in the tax rate, all else equal, is

associated with a statistically significant 39%resase in the hazard of adopting an R&D credit,
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it does not significantly affect the hazard for tither incentives, and may even reduce the
hazard for ITCs.

In order to investigate the hypotheses about suralependence, the baseline hazard
must be inspected. The baseline hazard can bghhotias the underlying effect of time,
controlling for the effects of the covariates ie timodel. As explained above, it traces the hazard
of adoption for an average or representative stadereflects how the general impression of the
incentive policy changes over time. A period sfng (falling) hazard indicates that the
incentive is generally becoming more (less) popolaar time. As Box-Steffensmeier and Jones
(2004) explain, one advantage of the Cox moddiasit does not require the researcher to make
any restrictive assumptions about the shape dbalseline hazard or duration dependence.
Therefore, the plot of the non-parametric Cox baedhazard can give an idea of the overall
shape of the duration dependence. However, becaugarameters or standard errors are
estimated for the Cox baseline hazard, it cannatdeel for statistical inference.

Figure 3 shows kernel-smoothed plots of the basdiazards for each tax incentive, with
covariates set to their mean values (Brednocratic Governoset to 0). Except for the JCTC, all
of the hazard plots follow an inverted U-shapedgat indicating that the incentives initially
grew in popularity and then declined. The JCTCahaplot suggests perhaps a short period of
rising or constant hazard through 1996-97, but ipahows falling hazards over the course of
the analysis. The hazard reaches a maximum art@@l for the ITC, 1991 for apportionment
changes, and 2000 for R&D credits. The inverteshidpe of the hazard is suggestive of a zero-
sum game or “race to the bottom.” As states griytealize they are engaged in zero-sum
competition for jobs and investment, the hazardukhmitially rise. Then, as more states adopt

the incentives, the first mover advantage dissgpatel the comparative advantage of having an
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incentive declines, causing the hazard to fall.other possible reason for the decline in the
hazards is that some states are simply resistautdpt incentives for idiosyncratic reasons (akin
to immunity from infection). Another possibilitg that after several years of experience, states
begin to learn that the incentives are not as effeas initially anticipated, making the
remaining non-adopters less likely to adopt them.

The rise and fall of hazard rates may also bectdteby exogenous factors such as macro
political trends. Figure 3 suggests that hazareiewenerally rising during the 1980s and into
the early 1990s for ITCs, apportionment changed,R&D credits. This coincides with the
general popularity of tax cuts as an economic paliering the Reagan era and Bush eras.
Similarly, all four incentives show declining hadarby the late 90s during Clinton’s presidency.
However, if conservative presidential politics teéadncrease the use of state business tax
incentives, one would expect to see them become papular after George W. Bush became
president in 2001, but the hazards continue tddalll four types of incentives. In general, the
shape of the baseline hazard plots is consistehtamcombination of explanations that are both

endogenous and exogenous to the process of leanddiffusion.

Non-Proportional Hazards Model Results

The non-monotonic shape of the baseline hazatdigigs the importance of dynamics
in the learning and diffusion process and suggesisthe factors influencing adoption of tax
incentives may be changing over time. Therefdrs,important to test the assumption of
proportional hazards, which implies that the eBaxftcovariates are consistent over time. For
example, in their study of R&D tax credits, Heatrale (forthcoming) find that having a

Republican governor initially increases the hazdrddoption but the effect weakens over time.
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| test the proportional hazards assumption usiragr®sch and Therneau’s (1994) procedure and
find that three out of the four models have cowagdhat show statistically significant (p < 0.15)
violations of the proportional hazards assumptineaning that the proportional hazards
assumption is not appropriate and the models arproperly specified.

To allow for non-proportional hazards, | follonetadvice of Box-Steffensmeier and
Jones (2004) and interact the offending covariaifisa time variable measured in ye&ts.

Table 4 shows the results of the non-proportioazbinds models, including time interactions for
covariates that initially failed the proportionazards test.

Starting with the ITC, many of the results arestabtively similar to the original Cox
results, except for the effect of legislative pesienalism. The coefficient for professionalism
in the original Cox model suggests that higherleweé professionalism are associated with an
increased hazard of adopting ITCs, all else eqdalever, in the non-proportional hazards
model, both the primary effect and the time inteoacare statistically significant, meaning that
the effect of professionalism is actually time-vagy At the beginning of the analysis, in 1970,
a ten point increase in the professionalism sammea(scale of 0-100) reduces the hazard of
adopting an ITC by about 57%, all else equal. Eatdsequent year, however, increases the
hazard ratio by 0.004. Therefore, by th& yBar, 1985, a ten point increase in the
professionalism scoliecreaseshe hazard of adoption by 3% [ for one point: —(Q.943) +
15(1 - 1.004) = 0.003], and the effect continuegrtow larger each subsequent year. A possible
explanation for this finding is that more profesgibstates were initially skeptical of ITCs
because there was still very little evidence alloatpotential effectiveness of ITCs in increasing

net jobs and investment in other states. Pertgysdould also more clearly see that ITCs

2 While the convention is to interact covariateswitgged time, as Box-Steffensmeier, Reiter, ancthZ2003)
explain, there really is no theoretical or mathecahtreason to prefer any particular function aféi Therefore,
favoring a straightforward interpretation, | simjiyeract covariates linearly with time.
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would be expensive in terms of foregone revenuesslprofessional states may have been
initially naive about the revenue expense. Oveetias the evidence supporting ITCs grew,
initially reluctant professional states surpas$eirtiess professional peers in the rate of
adoption.

Looking at the results for apportionment changeseral coefficients are now significant
and consistent with the hypotheses, whereas notie @oefficients were significant in the
original Cox model results. Unlike the originalxXCmodel, the results for ideological distance
suggest that a greater ideological gap betweemn @nio potential adopters reduces the hazard of
adopting apportionment changes, all else equalabtite time interaction variable indicates, the
effect diminishes over time. The Democratic goweenariable is also now significant,
suggesting that having a Democratic governor imstéa Republican governor reduces the
hazard of adopting apportionment changes by 56%I|sd equal. The results also show that
having a one percentage point higher unemploynatatar corporate income tax rate
significantly increases the hazard of adopting afmament changes, by 57% and 53%
respectively, all else equal. Although not sigrdfit, the coefficients for their corresponding
time interactions further suggest that the effe€isnemployment rates and corporate income tax
rates may diminish over time.

Turning to the R&D credit, including non-propore hazards does not correct the
interpretation of the original Cox model so muchtaslds nuance. The effect of the percentage
of border states already adopting the R&D credstiliklarge and significant, in contrast to the
findings of previous studies, and surprisinglyreases in ideological distance significantly
increase the hazard of adoption, all else equilé r&sults for Democratic governor provide yet

another example of the importance of testing far mrodeling non-proportional hazards. While
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this variable was not significant in the origina»Omodel, both Democratic governor and its

time interaction are significant in the non-propmral hazards model. The table shows that
having a Democratic instead of Republican govemitially reduces the hazard of adoption by
about 95%, all else equal, but this effect chamyes time, similar to prior results (Hearn et al.,
forthcoming). By the 7 year of the analysis (1988), Democratic goveraatsally have an

11% higher hazard of adoption [ - (1 —0.053) +#4(L.151) = 0.11], and the hazard ratio
continues to rise by 0.15 each year. Similar eor#sults from apportionment changes, | also

find that higher unemployment rates and corporateme tax rates, all else equal, are associated
with 62% and 101% greater hazards of adopting R&ddits. The corresponding time
interactions are also significant, suggesting thateffects gradually diminish over time.

Finally, the non-proportional hazards model resstdt the JCTC are not dramatically
different from the Cox proportional hazards resuksloption of the JCTC appears to be
primarily influenced by the number of manufacturargployees and ideological distance.
Greater ideological distance between prior andmi@tieadopters is still associated with an
increasechazard of adopting JCTCs. A one percent increagee number of manufacturing
employees, all else equal, is associated with &2i®2rease in the hazard of adopting a JCTC.
The professionalism variable, while of similar mégde as the original Cox model, has fallen
just below statistical significance (p = 0.11).m8arly, Democratic control of the state
legislature was significant in the original Cox regdut failed the test for proportional hazards.
However, when the time interaction is includedha model, both variables fall short of
statistical significance, perhaps because of |lddtatistical power. The original Cox model
suggests that a fully Democratically-controlledis¢ggure has a 367% higher hazard of adopting

a JCTC, all else equal. The non-proportional léezarodel suggests that if the effect is time-
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varying, it starts out smaller, increasing the ndzzsy 59% in 1991, but growing by ten
percentage points per year.

For all four types of tax incentives, taking acaebaf time-varying effects adds nuance
and in some cases corrects the erroneous conctusidhe original Cox proportional hazards
models. The most dramatic differences betweemptbgortional hazards and non-proportional
hazards models are for apportionment changes. eMbilvariables achieve statistical
significance under proportional hazards, severalte non-proportional hazards are

appropriately modeled.

Testing for Unobserved Heterogeneity

Another important step in properly specifying eMeistory models for which duration
dependence is of substantive importance is acaayfdar unobserved heterogeneity. As Zorn
(2000) explains, unobserved heterogeneity creaf@srious” negative duration dependence,
making the baseline hazard flatter if it is risangd/or steeper when it is falling. The standard
procedure for accounting for unobserved heterogeireevent history analysis is by
incorporating a “frailty” parameter into the modeigich is analogous to random effects in
panel data methods (Box-Steffensmeier & Jones,)2004

While it is possible to incorporate a random ftyadistribution into the Cox model, the
Cox model will still derive the baseline hazard fgarametrically, and there may be remaining
duration dependence. However, | wish to constite@mmodel to a constant hazard so that no
remaining duration dependence is allowed and tavbether the random effects can explain the

duration dependence observed in the Cox baselrerth@lots—that is, to see whether the
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observed duration dependence is “spurious.” lastéaising a Cox model, therefore, | switch to
a complementary log-log (cloglog) model.

Like the more familiar logit and probit modelsetbloglog model is used for binary
dependent variables. However, it is especially@ppate for event history data for two reasons.
First, cloglog is the binary data analog to thetecwous time Cox model, so its estimates are
more directly comparable to Cox model estimaten tbgit or probit (Carter & Signorino,

2010). Like the Cox model, cloglog coefficientsidze interpreted as effects on the hazard.
Second, unlike the logit and probit distributioniich are symmetric around a probability of
0.5, the cloglog distribution is asymmetric, witlfleatail near probability = 0 and increasing
rapidly approaching probability = 1. Because evesitory data are right-censored, observations
of y = 1 are relatively rare compared to observationsvfichy = 0. Therefore, the cloglog link
function is more theoretically appropriate thaniti@g probit for event history data (Buckley &
Westerland, 2004).

To test for unobserved heterogeneity, | estimitglag models for each incentive with
random effects and no specification for duratiopetelence, which effectively constrains the
models to a constant baseline hazard. | includes#ime sets of covariates as were used in the
non-proportional Cox models, including the timeshaictions. The results show that random
effects parameters are not significant at conveatitevels (p < 0.10) for three out of the four
models (results not shown), suggesting that unebddreterogeneity is not biasing estimates of
duration dependence. For the apportionment charagkel, the random effects parameter was
weakly significant with p = 0.098. However, theuks of the cloglog random effects model are

guite similar to the non-proportional Cox modeltisey are not reported.
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Cloglog Model Results and Duration Dependence

Now that | have accounted for non-proportionalardg and ruled out unmeasured
heterogeneity, | use cloglog models to test for i@myaining duration dependence. For each
incentive, | run models with the following specdtons for duration dependence: constant
hazard, linear time trend, quadratic time trendgkx time, cubic splines (Beck, Katz, & Tucker,
1998), and a cubic polynomial (Carter & Signori@010). Most studies only use one
specification for duration dependence—time dumraigs cubic splines are very common.
While these specifications are flexible, they avevery conducive to interpretation, and should
arguably not even be used if a more parsimonioasifsgation for duration dependence fits the
data better. Moreover, as argued above, duragpertience should be of primary interest in
policy diffusion studies, not just a nuisance tacbatrolled for. Once the six specifications for
duration dependence are estimated, model fit igpeoed using likelihood ratio tests,
corroborated with AIC and BIC scores. Resultstier best fitting models for each incentive are
reported in Table 5. Coefficients are exponentidateallow for easier comparison to the Cox
model results.

For three out of the four tax incentive models, fhiC, R&D credit, and JCTC, a constant
hazard provides a better fit than any other motalsinclude duration dependence, suggesting
that any duration dependence has been adequatdieddoy the inclusion of the time
interactions. For these three tax incentivesreisalts of the cloglog models are (not
surprisingly) quite similar to the results of thenrproportional hazards models. The biggest
difference is that for R&D credits, the unemploymeate and its time interaction are no longer

significant in the cloglog model.
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For apportionment changes, including a variabtddgged time creates the best fitting
model. The coefficient for logged time indicatkattwhen time interaction variables are held to
zero, there is still significant positive but dinghing duration dependence. In other words,
apportionment changes continue to grow in popylawer time, but at a diminishing rate.

Other than the inclusion of logged time, howeviee, tesults of the apportionment change
cloglog model are substantively similar to the moaportional hazards model, except that in the

cloglog model, the party affiliation of the goverris no longer significarft

Discussion and Conclusions

Weighing all of the evidence from the Cox modals-proportional hazards models, and
cloglog models, most of the findings about thedesthat influence states’ decisions to adopt
tax incentives are consistent with hypothesizeceetgtions. However, there are few similarities
across the four different types of tax incentivBkne of the variables were significant for all
four types of tax incentives, and only ideologidetance was significant for three of the four,
apportionment changes, R&D credits, and JCTCs.siStant with expectations, greater
ideological distance is associated with a redu@aitd of adopting apportionment changes, and
the effect diminishes over time. However, for R&i2dits and JCTCs, increased ideological
distance actuallincreaseghe hazard of adopting these incentives, all algmlke a result that is
very difficult to explain. Even using differentrfaulations of the ideological distance variable

did not substantially change these conflicting lss

21 In addition, once duration dependence is modeiétllagged time, if random effects are also incliiitethe
model, the random effects parameter is no longgifigtant. AIC and BIC scores indicate that thedmlowith
logged time (and no random effects) fits bettenttiee model with random effects (and no duratiopethelence).
22 Results are robust to alternative specificatidriseological distance, including giving all priadopters equal
weight and squaring the difference instead of uttilegabsolute value.
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Unlike many other policy diffusion and tax compien studies, | do not find strong
evidence that states are consistently influenceithéy neighbors in deciding to enact business
tax incentives. The variable measuring the peeggntf border states that have already adopted
an incentive significantly increases the hazardduption only for R&D credits. While
coefficient values are greater than one for appontient changes and JCTCs, the effects are not
significant. For ITCs, results from the non-prapmral hazards and cloglog models suggest that
having a larger proportion of bordering state adgpiay actually reduce the hazard of
adoption, although the coefficient is not signifitalf it were significant, this finding would be
consistent with prior findings of a negative reastfunction for state ITC rates (Chirinko &
Wilson, 2013). Chirinko and Wilson argue that gatese reaction function does not necessarily
imply that policymaking is interdependent, but otligt a change in one state’s tax rate can have
effects on the size of the tax base in other staddternatively, perhaps if more neighbors have
adopted, a state may believe that there is moenpat benefit in distinguishing itself in other
ways instead of adopting the same incentive ageighbors.

Results for the other political and economic Malea also do not suggest any strong
conclusions about why states adopt tax incentivdgough not significant for all four types of
incentives, coefficient estimates suggest that mmarufacturing employees, higher
unemployment rates, higher corporate income tasyand smaller populations may be
associated with an increased hazard of adoptingésstax incentives. However, the roles of
legislative professionalism and party control af #xecutive and legislative branches remain
unclear. Contrary to the expectation that Repahkowvould be more likely to support tax
incentives, Democratic support sometimes appedres torelevant factor, especially for ITCs.

Professionalism is only significant for ITC adoptsp but its effect changes over time.
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One clear result of this analysis of the adoptibhusiness tax incentives is the
importance of recognizing how the process of adopthnay change over time. Policy diffusion
is necessarily a dynamic process. The more shaligst a policy, the more their collective
experience shapes and informs subsequent adogeisiahs in other states. Therefore, the
standard regression approach—to model time-invaetiacts and view duration dependence as
simply a nuisance to be controlled for—is inadequdivent history methods provide analytical
tools such as non-proportional hazards and basledinard plots to properly model changes over
time, but they are generally under-utilized by ppldiffusion scholars. As this study of tax
incentives shows, the regression results are gaitsitive to the proper modeling of non-
proportional hazards. When non-proportional hazardre added to the apportionment change
model, for example, several variables became sogmf. In addition, a thorough analysis of
baseline hazard plots can give an overview of Hemaidoption and diffusion process works at a
broader level. The inverted U-shaped baselinerdaZzar the four tax incentives in this study
suggest that perhaps states do view the use @itartives as a zero sum game. The hazard
rises as states become aware of and race to b&peiithe first mover advantage, and then as
more states adopt incentives, the comparative adgarof having tax incentives shrinks, and the

hazard of adoption falls.
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Table1: Variables and data sour ces 1970-2010

Variable Description Data Source Hypothesized
Sign of Effect
Dependent
Variables
ITC Dummy variable indicating whether a state Data through 2006 were
adopted an Investment Tax Credit in that| provided by Dan Wilson,
year. New York is excluded, and the star{ Federal Reserve Bank of Sar
of risk is 1970. Francisco; State legislative
records (2007-2010)
Apportionment | Dummy variable indicating whether a stateBernthal, et al. (2012)
increased its apportionment formula saleg
factor in that year. lowa, Florida,
Massachusetts, New York, and Wisconsin
are excluded and the start of risk is 1979.
R&D Dummy variable indicating whether a state Wilson (2009) (1970-2006),

adopted a Research & Development tax
credit in that year. The start of risk is 198

State legislative records
2(2007-2010)

Job Creation

Dummy variable indicating whether a stat

e Data through 2006 were

Tax Credit adopted a Job Creation Tax Credit in that| provided by Dan Wilson,
year. The start of risk is 1992. Federal Reserve Bank of Sar
Francisco; State legislative
records (2007-2010)
I ndependent
Variables

Percentage of

Percentage of bordering states that have

Author calculations using

Border States | already adopted the tax incentive dependent variable data. ?
Adopting
Ideological ABS([(MostRecentAdopterldeology + Author calculations using
Distance AllOtherAdopterslideology) / 2] — method from Grossback,
PotentialAdopterldeology) Nicholson-Crotty, and
Underlying ideology data from Berry, gg:?rsg?élﬂzgg)lg;d data fro -
et.al.’s (2010) NOMINATE measure. Y ’
Scores range from 0 (most conservative) to
100 (most liberal).
Democrat 1 = Democratic Governor Klarner (2013)
Governor

0 = Republican Governor
0.5 = Other party
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Democratic
Control of
Legislature

Additive scale of Democratic power in the

legislature:

1 = Democratic control of both chambers

0.75 = Democratic control of one chamber,

split control of the other

0.5 = Democrats control one chamber,
Republicans the other

0.25 = Republican control of one chambe
split control of the other

0 = Republican control of both chambers

Klarner (2013)

r’

Legislative
Professionalism

Index of state legislative professionalism
100. Raw scores range from 0.0 (least
professional) to 1.0 (most professional).
Annual scores are interpolated or
extrapolated from Squire’s (2007) data.

F Squire (2007)

Manufacturing
Employment

(In)

Logged number of paid employees in the
state’s manufacturing industry as of Marc
12 each year

County Business Patterns
h(Census)

Population (In)

Logged state population

Klarner (2013)

Unemployment
Rate

Annually-averaged unemployment rate fo
each state

r Bureau of Labor Statistics
(1976-2010), Manpower

Report of the President (197(
75)

Real Per Capita

Logged real per capita income in $1,000s|, Klarner (2013)

Income (In) deflated with the national CPI (1982-
1984%s)
Corporate Top state corporate income tax rate as of| Tax Foundation, Council of
Income Tax January 1 of each year State Governments
Rate
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Table 2: Descriptive Statistics

ITC

1970-Start of Risk
(45 states)

Mean Std. Dev.

2010-Adopters
(24 states)

Mean Std. Dev.

2010 Non-
Adopters
(21 states)

Mean Std. Dev.

Pct. Border adopters
Ideological distance

Dem. Governor

Dem. Legislature
Professionalism
Manufacturing employees (In)
Population (In)
Unemployment rate

Real per capita income (In)
CIT rate

Apportionment

0.378 0.490
0.506 0.466
19.931 10.322
12.211 1.372
14.776 1.006
4916 1.107
2.281 0.167
5971 2.924

1979-Start of Risk
(40 states)

Mean Std. Dev.

0.542 0.313
21.230 12.059
0.625 0.495
0.688 0.438
18.667 9.295
11.827 1.047
15.088 0.932
8.763 1.862
2.859 0.146
7.085 2.104

2010-Adopters
(28 states)

Mean Std. Dev.

0.559 0.345
20.968 14.402
0.476 0.512
0.583 0.421
19.843 15.086
11.809 1.175
15.292 1.011
8.676 2.018
2.885 0.139
7.426 1.635
2010 Non-
Adopters

(12 states)
Mean  Std. Dev.

Pct. Border adopters
Ideological distance

Dem. Governor

Dem. Legislature
Professionalism
Manufacturing employees (In)
Population (In)
Unemployment rate

Real per capita income (In)
CIT rate

R&D

0.675 0.474
0.713 0.410
22.465 10.725
12.260 1.299
14.795 0.957
5.590 1.311
2.470 0.146
6.764 2.050

1981-Start of Risk
(45 states)

Mean Std. Dev.

0.812 0.194
22.947 19.787
0.536 0.508
0.652 0.404
21.150 13.705
12.108 0.877
15.382 0.873
9.050 1.861
2.862 0.148
7.130 1.999

2010-Adopters
(37 states)

Mean Std. Dev.

0.575 0.329
17.557 10.631
0.500 0.522
0.542 0.487
17.092 9.854
10.823 1.144
14.404 0.766
8.008 2.042
2.850 0.115
7.088 1.332
2010 Non-
Adopters
(8 states)

Mean Std. Dev.

Pct. Border adopters
Ideological distance

Dem. Governor

Dem. Legislature
Professionalism
Manufacturing employees (In)

0.578 0.499
0.667 0.440
22.120 11.377
12.333 1.271
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0.821 0.240
21.105 15.289
0.568 0.502
0.662 0.430
19.665 13.229
11.808 1.123

0.487 0.261
18.649 12.689
0.500 0.535
0.531 0.432
17.138 5.508
11.868 1.028



Population (In)
Unemployment rate

Real per capita income (In)
CIT rate

JCTC

14.916 0.968
7.362 1.807
2.457 0.145
7.072 2.112

1991-Start of Risk
(45 states)

Mean Std. Dev.

15.147 0.980
8.576 1.999
2.878 0.142
7.472 1.907

2010-Adopters
(24 states)

Mean Std. Dev.

15.350 0.932
9.400 1.365
2.838 0.144
6.191 1.459

2010 Non-
Adopters

(21 states)
Mean Std. Dev.

Pct. Border adopters
Ideological distance

Dem. Governor

Dem. Legislature
Professionalism
Manufacturing employees (In)
Population (In)
Unemployment rate

Real per capita income (In)
CIT rate

0.533 0.493
0.778 0.325
21.061 13.214
12.273 1.207
14.998 0.963
6.469 1.533
2.619 0.151
7.856 2.198
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0.512 0.271
19.368 12.805
0.667 0.482
0.698 0.383
20.992 9.678
11.874 1.029
15.175 0.902
8.763 1.764
2.859 0.133
7.159 1.973

0.484 0.309
21.799 15.328
0.429 0.507
0.571 0.475
17.186 14.556
11.754 1.189
15.193 1.053
8.676 2.117
2.884 0.153
7.341 1.826



Table3: Cox Proportional Hazards Model Results

ITC Apportionment R&D JCTC

Hazard ratio  Std. error Hazard ratio  Std. error Hazard ratio  Std. error Hazard ratio  Std. error
Pct. Border adopters 1.068 0.934 2.424 1.772 6.764 ** 5.177 3.698 3.995
Ideological distance 1.021 0.018 1.001 0.017 1.0569 *=** 0.015 1.030 ** 0.014
Dem. Governor 0.639 0.309 0.605 0.236 0.479 0.239 1.140 0.475
Dem. Legislature 5.686 ** 4.135 0.893 0.481 1.577 0.860 3.669 ** 2.402
Professionalism 1.023 * 0.013 0.993 0.014 0.997 0.018 1.030 * 0.016
Manufacturing employees (In) 3.560 * 2.472 1.830 1.078 1.286 0.483 2704 * 1.488
Population (In) 0.157 ** 0.138 0.901 0.663 0.821 0.348 0.316 0.233
Unemployment rate 1.037 0.169 1.114 0.173 1.300 * 0.183 0.870 0.179
Real per capita income (In) 7.446 10.883 0.710 1.197 1.450 2.122 2.717 5.310
CIT rate 0.932 0.089 1.106 0.112 1.391 == 0.122 0.999 0.105
N 1294 775 787 585
Log pseudolikelihood -71.298 -82.094 -97.972 -77.154
Prob > chi2 0.0689 0.0010 0.0000 0.1071

Standard errors are clustered by state.
*%p<0.01,**p<0.05*p<0.1
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Table4: Non-Proportional Hazards M odel Results

ITC Apportionment R&D JCTC
Hazard ratio  Std. error Hazard ratio  Std. error Hazard ratio  Std. error Hazard ratio  Std. error

Pct. Border adopters 0.975 0.919 2.249 1.539 5.428 ** 4.335 21.837 42.729
Ideological distance 1.019 0.016 0.921 ** 0.030 1.063 *** 0.015 1.028 ** 0.014
Dem. Governor 0.667 0.320 0.441 ** 0.183 0.053  *** 0.047 1.176 0.502
Dem. Legislature 5.391 ** 4.175 1.064 0.640 3.276 3.992 1.590 1.699
Professionalism 0.943 * 0.033 0.996 0.014 0.992 0.020 1.024 0.015
Manufacturing employees (In) 4,634 ** 3.439 3.181 4,543 1.309 0.553 2616 * 1.419
Population (In) 0.117 ** 0.107 0.301 0.503 0.800 0.352 0.325 0.239
Unemployment rate 0.808 0.340 1574 = 0.403 1.619 == 0.263 0.883 0.174
Real per capita income (In) 17.423 * 26.914 0.153 0.670 1.299 1.989 1.981 3.871
CIT rate 0.833 0.219 1532 = 0.360 2.006 *** 0.417 1.002 0.099
Time Interactions

Pct. Border adopters 0.831 0.146

Ideological distance 1.007 *** 0.002

Dem. Governor 1.151 ** 0.055

Dem. Legislature 0.950 0.062 1.102 0.118

Professionalism 1.004 ** 0.002

Manufacturing employees
(In) 0.998 0.086

Population (In) 1.040 0.106

Unemployment rate 1.017 0.021 0.972 0.019 0.981 ~* 0.010

Real per capita income (In) 1.123 0.256

CIT rate 1.004 0.012 0.980 0.016 0.978 * 0.012
N 1294 775 787 585
Log pseudolikelihood -69.449 -76.998 -92.599 -76.457
Prob > chi2 0.0017 0.0001 0.0000 0.0996

Standard errors are clustered by state.
**p<0.01,*p<0.05*p<0.1
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Table5: Complementary Log-Log Model Results

ITC Apportionment R&D JCTC
exp(b) Std. error exp(b) Std. error exp(b) Std. error exp(b) Std. error

Pct. Border adopters 0.969 0.779 1.970 1511 10.238 ** 9.724 11.119 20.080
Ideological distance 1.021 0.021 0.928 ** 0.032 1.061 *** 0.015 1.025 * 0.014
Dem. Governor 0.620 0.319 0.473 0.220 0.082  ** 0.073 1.113 0.450
Dem. Legislature 5.240 * 4.794 0.897 0.517 3.147 3.307 2.071 2.131
Professionalism 0.969 0.032 0.992 0.018 0.999 0.020 1.022 0.014
Manufacturing employees (In) 4.003 ** 2.282 3.867 5.996 1.041 0.437 2744 * 1.690
Population (In) 0.151 ** 0.114 0.418 0.791 1.090 0.518 0.296 0.228
Unemployment rate 0.888 0.175 1550 * 0.368 1.112 0.163 0.994 0.120
Real per capita income (In) 3.725 5.691 1.491 6.283 1.052 1.631 2.073 4.095
CIT rate 0.982 0.132 1.646 * 0.452 1401 0.183 0.991 0.118
Time Interactions

Pct. Border adopters 0.835 0.125

Ideological distance 1.005 *** 0.002

Dem. Governor 1.143 ** 0.060

Dem. Legislature 0.964 0.055 1.038 0.078

Professionalism 1.003 * 0.002

Manufacturing employees (In) 0.979 0.075

Population (In) 1.016 0.101

Unemployment rate 1.003 0.008 0.983 0.018 0.999 0.006

Real per capita income (In) 0.964 0.257

CIT rate 0.997 0.008 0.973 0.023 0.999 0.008
Logged time 152.373 ***  278.586
Constant 18.704 102.218 1.12E-09 ** 7.41E-09 3.99E-05 ** 0.000 0.479 2.057
N 1294 775 787 585
Log pseudolikelihood -104.388 -100.631 -120.123 -93.646
Prob > chi2 0.0732 0.0000 0.0000 0.0554

Standard errors are clustered by state. *** p <0.01, * p<0.05,*p<0.1
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Figure 1: A Model of Policy Adoption and Diffusion
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Figure 2: Kaplan-Meier Failure Plots
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Figure 3: Baseline Hazard Plots
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Essay Three: Duration Dependence in Policy Diffusion Studies
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Event history analysis is concerned with the timah@vents and is well-suited for
addressing the types of questions policy diffusgoholars ask, such as: which factors increase
the likelihood that a government will adopt a pylat any given time? The likelihood of
adoption at a given timiels expressed by the hazard ré&ig). In the policy adoption context, a
rising hazard rate indicates that the probabihigt tgovernments will adopt a policy (given that
they haven't already) is increasing over time, ardlling hazard indicates that adoption is
becoming less likely over time. Duration depen@eisdhe term used to describe the overall
shape or pattern of how the hazard changes over tifor example, positive duration
dependence indicates a period of rising hazardde whgative duration dependence indicates a
period of falling hazards. Researchers’ expeatatabout how the hazard changes over time
guide the choice of how to model duration dependeadkey component to any event history
model. However, the policy diffusion literatureshget to make full use of all of the tools event
history analysis has to offer for modeling andiipteting duration dependence. In fact, some
system-level diffusion processes, such as bandwagdrcritical mass effects, will likely only be
detected in duration dependence. This essaytisgap in the policy diffusion literature by
explaining how policy diffusion scholars can usemhistory techniques to properly model and
interpret duration dependence in policy diffusitudges.

Beginning with Berry and Berry’s (1990) introductiof event history analysis as a
methodology for policy diffusion studies, it haxbme the technique of choice for scholars
analyzing quantitative policy diffusion data. hetpast 20+ years, policy diffusion scholars have
deployed event history analysis in the study of lpmhcies spread at the local, state/sub-
national, federal/national, and international leébr a review, see F. S. Berry & Berry, 2007).

Unlike earlier methods used to study policy diftusievent history methods are similar to the
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conventional regression paradigm, with which sos@antists are quite familiar. In the policy
diffusion context, the unit of analysis is a goveant (e.g. states, countries, etc.), and event
history methods are used to study the effectsadpendent variables on the timing of
governments’ adoption of certain policies, measa®the duration of time from a chosen start

of risk to the adoption. Policy diffusion scholéw@ve made several refinements and advances in
using event history methods, including exploring/svéo incorporate spatial effects (W. D.

Berry & Baybeck, 2005), ways to model diffusion magisms (Shipan & Volden, 2008), using
dyads as the unit of analysis (Volden, 2006), asidgipooled analyses of multiple policies
(Boehmke & Skinner, 2012).

Here, however, | argue that policy diffusion seslhave overlooked one of the central
goals and strengths of event history analysis—héyato model duration dependence in the
hazard of failure. Many event history studiestineo areas of research such as biostatistics,
epidemiology, and demograpbpyimarily focus on modeling and interpreting how the hazard
rate changes over time. For example, demograpliéegentiate a “pure” person-to-person
infection process from a “contact-independent” atifen process (e.g. influence by mass media)
by analyzing how the hazard changes over time vdaigrolling for a set of covariates (Braun
& Engelhardt, 2002). In contrast, policy diffusisearchers have generally viewed duration
dependence as something to be controlled for rétiaerinterpreted and analyzed. They have
accounted for duration dependence by followingdtheéice of political science methodology
papers like Beck, Katz, and Tucker (1998) withoutcinconsideration as to whether duration
dependence has any meaning or importance in thexdasf policy diffusion. In international
relations, another area of political science wleatent history methods are commonly used,

some scholars have argued that duration dependentsubstantive importance and ought to be
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modeled and interpreted (Bennett, 1999; Cartergh&iino, 2010; Zorn, 2000), but this line of
argument has yet to be taken up in the policy diffn literature.

In this essay, | discuss what duration dependeagkl mean in the context of policy
diffusion theory and suggest that one source o¢esl duration dependence is system-level
diffusion dynamics, such as bandwagon effectdcatitnass, competitive races, policy
“outbreaks” (Boushey, 2010; 2012), and generalleaching effects. Central to my argument is
the observation that these types of effects capaetdequately modeled with covariates and will
instead manifest as duration dependence. Whileypdiffusion scholars have primarily
modeled diffusion mechanisms using covariatesgli@that their approach can be
complemented by incorporating techniques to modedttbn dependence for a more
comprehensive examination of diffusion processelspatterns.

The next section discusses the policy diffusiterditure with regard to how mechanisms
of diffusion are defined and operationalized inmjitative studies. The following section
provides more detail about event history analyst @discusses the meaning of duration
dependence from a methodological perspective. fdimth expands on the discussion of
duration dependence to explore what it may medharcontext of policy diffusion. The fifth
section provides a list of recommendations for Ipmhcy diffusion scholars can incorporate the

analysis of duration dependence into their studied,the sixth section concludes.

Defining and Operationalizing Policy Diffusion M echanisms
The policy diffusion literature studies how andywgolicy ideas spread across
jurisdictional lines, often to become adopted bytiple governments in a population. Elkins

and Simmons (2005) argue that diffusion encompamsgprocess aincoordinated
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interdependencgencluding learning, imitation, bandwagoning, eatidn, mimicry, or
competition. Boushey (2010) likens policy diffusito the spread of diseases in the study of
epidemiology: a small number of “infected” indivala transmit a “disease” to non-infected
individuals, causing the total proportion of infedtindividuals in the population to rise.

As Elkins and Simmons (2005) argue, it is impadrtardistinguish between defining
diffusion in terms widespread adoption of a policyHfusion-as-outcome-and defining
diffusion as a process of interdependendgfasion-as-processThediffusion-as-outcome
conceptualization, based on the observed preval@@olicy in many governments, implies
that prior adoptions somehow increase the prollafiadoption by non-adopters. However,
thediffusion-as-processonceptualization is more general because it doespecify how prior
adoptions affect non-adopters, allowing for thegtfity that prior adoptions could actually
decrease the probability of adoption by non-adapt&or example, Brueckner (2003) shows that
in multiple models of strategic interaction amomyernments, including tax competition, it is
theoretically ambiguous whether governments wiititéo converge on the same policies or
diverge from one another. Following the advic&likins and Simmons (2005), this essay
conceives of diffusion as a process of interdepeceevithout making the assumption that the
process leads to widespread adoption. Like El&imsSimmons, | adopt Strang’s (1991)
definition of diffusion as “any process where praaoption of a trait or practice in a population
alters the probability of adoption for remainingwadopters.”

Mechanisms of diffusion provide the causal saEhow exactly interactions between
prior and potential adopters alter the probabdityadoption. Shipan and Volden (2008) describe

four mechanisms:
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e Learning Governments consider the experiences of prioptts in deciding whether
to adopt a policy. The deemed success of poliniesher jurisdictions increases the
probability of adoption.

e Economic competitianSome policies may create positive or negativiéosers in other
jurisdictions. Governments may strategically admptot adopt policies in order to gain
an advantage or avoid being disadvantaged as & oéspillovers.

e Imitation: Governments often copy the actions of certaior@dopters in order to
appear more like them. No learning about the potgelf is necessary.

e Coercion Governments often directly or indirectly exemégsure on one another either

to adopt or not adopt certain policies.

It would be very difficult, if not impossible, tardctly observe any of these processes because it
would require full information about the internabtivations of individual policymakers and
other actors as well as the dynamics that aggregditeédual actions into decisions by
governments.

Instead, policy diffusion scholars have poseddtiewing question: if a non-adopting
government were learning/competing/etc., which sdgmovernments would influence it? For
example, researchers often argue that governmentaa@st likely to learn from their geographic
neighbors. These types of studies usually includariable that measures the number or
proportion of a government’s neighbors that arerpadopters and hypothesize that the more its
neighbors are adopters, the more likely the govenins also likely to adopt (F. S. Berry &
Berry, 1990; W. D. Berry & Baybeck, 2005; F. S. Bef Berry, 1992). For the mechanism of

competition, Berry and Baybeck (2005, p. 505) aripat “states’ influences on each other
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should vary depending on the size and locatiorpetsic populations of individuals and firms
within the states.” A current line of researclpoiicy diffusion proposes that multiple
mechanisms of diffusion may operate simultaneo(B&ybeck, Berry, & Siegel, 2011; W. D.
Berry & Baybeck, 2005; Shipan & Volden, 2008). Esample, Shipan and Volden (2008) test
for the presence of learning, competition, imitatiand coercion in the adoption of antismoking
policies in US cities. They argue that the follogrinetwork relations correspond to each
mechanism: citiekarn from other cities in the same state; citesnpetewith other cities

within 10 miles, especially if they have large plapions; citiesmitatethe nearest city with a
larger population; and cities ateercedby their own state governments. Therefore, each
mechanism of diffusion is associated with a difféneetwork of relationships among
governments.

In other words, “the analyst defines social refasiwhich link actors to each other. Such
relations comprise a social structure that ‘chasirtgffusion, so actors respond to those they are
socially connected to” (Strang, 1991, p. 325-6)aisg refers to this idea of diffusion channeled
by network relations as “heterogeneous mixing” eotrasts it with homogeneous mixing,
where all prior adopters have roughly the samatglbd influence non-adopters.

To operationalize these diffusion mechanisms @ngjtative studies, researchers create
spatial lag or similar types of variables with tf@al of capturing avenues of learning,
competition, imitation, or coercion. For a givaffusion mechanism, the first step is to define
the relevant network spatial feature, which cab&ged on measures of geography, political
ideology, social characteristics, etc. The neap $$ to use the network to calculate a

connectivity or distance matrix for all governmeintshe network®® For example, if a

% Technically, due to the structure of event histaya, the spatial feature that defines the netwbduld be
something that does not change over time. If plagial feature changes annually, for example, thaectivity
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researcher believes competitive pressures are giropal to geographic distances between
population centers, then these distances wouldtitwiesthe connectivity matrix. The matrix
values are then used to weight certain piecesfofrimation about the policy choices of other
governments. Usually, the information is simplyimary indicator of whether the government
has already adopted the policy, but could alsaitielother relevant information like whether
policy was successful. The final step is to coralilre distance/weights matrix with the
information about prior adopters to create a spkgavariable. The value of the spatial lag
variable represents a kind of weighted averagbepblicy choices of other governments (see
Maggetti, Radaelli, and Gilardi (2013) for a degdidiscussion and example). Therefore,
increasing values of the spatial lag variable iathadhat more “closely-related” governments
(based on the chosen connectivity matrix) have tdbiie policy, and one may hypothesize that
this leads to greater hazard of adoption. Theagapag variables, with different weighting
matrices for different diffusion mechanisms, arertimcluded in event history regressions to

estimate their respective effects on the hazaatlopting a policy.

Event History Analysisand Duration Dependence

Event history analysis has become the method ateHlor largeN quantitative studies
of policy diffusion (F. S. Berry & Berry, 2007).o81etimes also called duration analysis or
survival analysis, event history analysis was oafly developed in the context of biostatistics
and used to study lifespans. More generally,ntloaused in quantitative research designs for

which the dependent variable is the duration oetirom a specified “start of risk” until the

matrix would also need to be measured annuallywéder, a government that adopts early on in theystvould
subsequently have missing data for the spatialifeatMoreover, consistent with the logic of Grass
Nicholson-Crotty, and Petersor{z004) ideological distance variable, governments shawofgiably be most
influenced by the characteristics of adoptarthe time of adoptigmot in some subsequent time period.
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occurrence of some “event,” whether the eventesdiath of an organism, the contraction of a
virus, or a government’s adoption of a poli&t the onset of the study, individuals are assumed
to be “at risk” of experiencing some event. Wharralividual experiences an event, the
individual is considered to have “failed,” and tivadividual is then dropped from further
observatiorf® Individuals that have not experienced the evgrthb end of the study are said to
be right-censored.

Underlying all event history models are three bsnctions: the probability density
function, which shows the probability of failure a$unction of time; the survival function,
which shows the proportion of individuals that hae¢ experienced the event at each time; and
the hazard function, a ratio of the probability signfunction and survival function that reflects
the instantaneous probability of failure, giventttine individual has survived to that particular
time. Most event history models in the social sces specify the hazard as a function of
covariate values. As Box-Steffensmeier and JoP@84) explain, social scientists familiar with
the regression framework are often most interestéypotheses about the effects of certain
covariates on the hazard of failure. For examgdanentioned above, policy diffusion scholars
often hypothesize that governments with more neghthat have already adopted a policy have
a higher risk of also adopting the policy.

Despite the attention paid to modeling the effeftsovariates, a key element of event
history analysis also requires researchers to dp\ektrategy for specifying the shape of the
hazard function. The hazard model selected repteskiration dependence, the effect of time
on the hazard of failure. In models that have dates, the “baseline” hazard can be thought of

as the effect of time, controlling for the effeofscovariates in the model. For example, Figure 1

% There are also event history models designecefoeating events data, such as spells of unempldynSse Box-
Steffensmeier and Jones (2004) for a detailed ssson.
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replicates Figure 3 from the first essay, whichvehthe baseline hazard for U.S. states’
adoptions of incentives for film and video prodoati This figure shows how the hazard of
adoption increases over time, especially after 2@@@e controlling for certain political and
economic characteristics of states, as well ag athvariates. This means that some factor
unrelated to the covariates in the model is causiadhazard to rise over time, manifesting as
duration dependence.

A variety of parametric and non-parametric metha@savailable for specifying the
hazard function. Common parametric models usexpenential, Weibull, Gompertz, log-
normal, and generalized gamma distributions, e&gvhah require different assumptions about
the shape of the hazard (see Box-Steffensmeied@ames (2004) for a detailed discussion).
These parametric models treat time as continuaidynoken into discrete periods like days or
years, as it is in the data most social sciengisgfamiliar with.

Discrete time event history models are designeddta that break time into discrete
spans, similar to time series or panel data. $ordie time event history data, each row of data is
indexed by an individual and a period of time (stgte-year or person-month), and the
dependent variable becomes an indicator of whekfamparticular individual failed during that
particular period of time. Beck, Katz, and TuckE®98) call this type of data “time-series—
cross-section data with a binary dependent variarid explain that it is identical to duration
data that have been grouped or aggregated intcetksiime intervals. Because the dependent
variable is binary, researchers can use one dathdiar binary data models, logit or probit, or

the less familiar but arguably more appropriate giementary log-log modéP.

% Buckley and Westerlan@004) argue that although the complementary log-log rhisdess common in the
social sciences, it may actually be more theorifyiegpropriate for event history data. Unlike thgit or probit
functions, the cloglog distribution is skewed, anay better account for the fact that observatidrevents (y = 1)
are relatively rare compared to observations ofexants (y = 0).
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Unfortunately, the familiarity of the logit andglrit models seems to have caused
researchers to treat event history analysis jkstdther familiar regression methods, de-
emphasizing the importance of modeling duratioredélence. Unlike parametric event history
models where the choice of function for duratiopetaence is apparent and unavoidable,
choices about duration dependence in discretertiogels are less straightforward. In fact,
many of the early studies of policy diffusion thised event history analysis did not account for
duration dependence at all, effectively constrajrilreir models to have a constant baseline
hazard (F. S. Berry & Berry, 2007). Researchebseguently pointed out that event history data
are usually temporally dependent, violating theuagstion of independent observations in
ordinary logit and probit models, and leading tooimect standard errors and inefficiency in
estimation (Beck et al., 1998). A variety of sfiieations for duration dependence have been
proposed to account for this temporal dependenc&ding time dummies, log-transformed
duration time, time polynomials, and splines (Betkl., 1998; Box-Steffensmeier & Jones,
2004; Carter & Signorino, 2010).

Another option is for researchers to avoid makieagumptions about duration
dependence altogether by using the Cox proportioazdrds model. In the Cox model, duration
dependence is not parameterized, and the modelchiasercept. In fact, with discrete time data,
the Cox model is actually equivalent to the cowodial logit model used for matched case-control
data (Box-Steffensmeier & Jones, 2004). For a itimmél logit model, event history data is
grouped into “risk periods” by splitting the datafalure times. During each risk period, some
individuals fail (“cases”) and some do not (“comtf®. The conditional logit model estimates
the likelihood that particular individuals fail,v@n all the individuals in the risk set during the

particular risk period. In this way, the condit@togit model has fixed effects by risk period,
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and the effect of time is not explicitly modelelgor the Cox/conditional logit model, a non-
parametric estimate of the baseline hazard caetbeved, but it tends to be noisy and overfitted
(Box-Steffensmeier & Jones, 2004). Moreover, whid@-parametric plots can be useful for
visual inspection of duration dependence in the @oxlel, they cannot be used for statistical
inference.

As Carter and Signorino (2010, p.272) have ndtbe, vast majority of researchers have
treated temporal dependence in binary data modete as a statistical nuisance that needs to be
‘controlled for,” rather than as something thasudstantively interesting.” They report that of
the 119 studies (as of July 2006) that use Beckz,iand Tucker’'s (1998) time dummies or
spline specification for duration dependence, dh@ictually plot and interpret the hazard. The
effect of time is relegated to a methodologicaliésas researchers have focused on testing
hypotheses related to other covariates in theiratsod

The lack of attention to duration dependencegsattable because it can often have an
important substantive interpretation for politipabcesses (Bennett, 1999). It is important to
remember that when covariates are included in aeintte duration dependence or baseline
hazard traces out how the hazard of failure chaogestime controlling for the effects of other
covariates’® If the hazard is increasing (decreasing), iefemred to as positive (negative)
duration dependence and implies that the hazafailofe is increasing (decreasing) for some
reason unrelated to the covariates in the modékoQrse, it is not simply the passage of time
itself that causes the hazard to rise or fall,tbatpassage of time might be related to other un-

modeled processes or factors that have a tempomgda@nent. In other words, time is simply a

% The baseline hazard is usually plotted assumingriates are set to zero. However, if there isamiral zero
point for a covariate, it can be first mean-cerdeand then set to zero (Box-Steffensmeier & JoP@84).
However, with proportional hazards models, the @alaf covariates don't really matter that much beeahe
shape of the hazard will not change.
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proxy. To be more specific, the following sectialescribe several possible explanations for

observed duration dependence.

Omitted Variables and State Dependence

One possible reason for observed duration depeedsromitted variables. The form of
duration dependence has proven to be quite semsitithe inclusion or exclusion of covariates,
especially if the covariates are correlated withetiBennett, 1999). If an important variable is
omitted from a model, its effect will be absorbatbithe baseline hazard, possibly resulting in
duration dependence. A related idea is the coruféistate dependence,” which arises when the
“state” or non-failure of an individual is somehegelf-perpetuating (positive state dependence)
or self-dampening (negative state dependence)tomer(Bennett, 1999; Zorn, 2000). Positive
state dependence is associated with a falling daddailure (i.e. negative duration
dependence), and negative state dependence isaaisdatith a rising hazard of failure (i.e.
positive duration dependence). For example, ZB00Q) argues that the termination of
international alliances should exhibit positivaetstdependence (and negative duration
dependence) because alliances become institutzedadind therefore more durable over time.
In theory, including a variable that could meadunstitutionalization would account for the
positive state dependence and eliminate any obdergative duration dependence.

In terms of policy diffusion, positive state dedence could imply that the longer a
government goes without adopting a policy, the lésdy it is to actually do so. This type of
pattern may appear in any policy area where neasia@ee rapidly being developed to replace

old ones. Over time, governments would be lesdylito adopt one particular policy—
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exhibiting negative duration dependence—simply bsedahey can now adopt a newer and

better idea. In this case, the omitted variabtbespresence of new policy alternatives.

Unobserved Heterogeneity

Closely related to the issue of omitted variablembserved heterogeneity is a source of
model mis-specification that can create “spuriodisiation dependence. Unobserved
heterogeneity biases the observed duration depeadkwnward and biases parameter
estimates, even if it is not correlated with thieeotcovariates included in the model (Zorn,
2000). In the context of policy diffusion, unobaedl heterogeneity represents unmeasured
factors that make certain governments quicker apadew policies, perhaps a kind of inherent
innovativeness or appetite for risk (Boehmke & 8kin 2012). Similarly, as discussed by Ingle,
Cohen-Vogel, and Hughes (2007) in their qualitatitedy of adoptions and non-adoptions of
merit aid programs in southeastern U.S. statesesiomas certain states respond in idiosyncratic
ways to diffusion-related stimuli like neighbor gdion, resulting in some states being more
resistant to adoption than others. In fact, thecepts of “innovativeness” and “resistance” may

be simply inverse ways of expressing the same dgeeeity.

Non-proportional Hazards

Another source of observed duration dependenaoassi®m violations of the
proportional hazards property, a key assumptianast commonly used event history models
(Box-Steffensmeier & Jones, 2004). The proportfitreaards property essentially requires that
the effects of covariates are constant over timeother words, changes in covariate values shift

the baseline hazard up or down in a parallel faghiat its shape does not change. However, as
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Box-Steffensmeier and Zorn (2001) argue, thereeasons to believe that violations of
proportional hazards are quite common in polits@aénce event history data, leading to biased
estimates and flawed inference. Moreover, becdifiesion is inherently a dynamic process
that changes over time, factors that motivate eabypters are not necessarily the same as the
factors that motivate later adopters (Rogers, 200Brefore, it is reasonable to expect that
theoretically-derived hypotheses may imply timeyuag effects for diffusion-related covariates.
Shipan and Volden review several policy diffusitudses where the effects of diffusion change
over time. For example, Gilardi, Fuglister, and/&u(2009) find that in the diffusion of hospital
financing reforms in OECD countries, the effectlwdir learning variable increases over time as
the weight of accumulated evidence grows.

Estimating a proportional hazards model when ldszare actually non-proportional will
result in biased coefficient estimates and incdarseaendard errors (Box-Steffensmeier & Zorn,
2001; Box-Steffensmeier & Jones, 2004). In additi@riables with statistically significant
non-proportional effects may actually be statistycasignificant if incorrectly modeled as
proportional (Box-Steffensmeier, Reiter, & Zorn03). The presence of non-proportional
hazards will also affect the estimation and intetgtion of the baseline hazard. As | discuss in
more detail below, the proper way to model non-prapnal effect is to include a term that
interacts the offending covariates with a functidnime (Box-Steffensmeier & Jones, 2004).
Therefore, in a non-proportional hazards model witte interactions, the baseline hazard no
longer has the same interpretation as the effetitnaf controlling for covariates. Because of the
interaction term(s), the observed duration depecelerill vary depending on the values of the
covariates with which it is interacted. Therefdhe effect of time is inseparable from the

effects of covariates with non-proportional hazards

119



Exogenous Factors

Another possible explanation for changes in theeoled hazard rate may be exogenous
factors that affect all individuals in roughly tkame way. In studies of policy diffusion in U.S.
states, macroeconomic conditions or changes irrdégdelicy may affect the hazard rate for all
states. For example, an increase in federal carpancome tax rates would likely encourage
businesses to pressure all states to reduce tirpiorate income tax rates. With exogenous
pressures, time is just a proxy for unobservedaldastors that vary across time but not across

individuals.

System-level Diffusion Dynamics

Similar to exogenous pressures, some types of embog diffusion influences vary
across time but not across individuals. For examgnsider the possibility that individuals are
influenced by the total number of adopters, regeslbf any specific network relationships.
Strang (1991) calls this a homogeneous mixing @®oenere any prior adopter has the same
level of influence over any non-adopter. In otwerds, what matters is nathichindividuals
have adopted bdtow many Because such an effect exhibits variation adioss but not across
individuals in the system, it will be absorbed ithe baseline hazard (i.e. the effect of time) and
manifest as duration dependence. The next seatidresses how homogeneous mixing and

system-level diffusion dynamics relate to policifubion.

System-level Dynamicsin Policy Diffusion
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As discussed above, diffusion effects are usuatidered using spatial lag or similarly-
constructed variables, and mechanisms are diffi@tedtbased on how the relevant network of
governments is defined. Because each government squally “close” to all others in terms of
physical distance, ideological distance, etc., sggernments exert more influence than others
on any given government, resulting in what Strai#p() has called a heterogeneous mixing
process. However, policy diffusion researchershazaid little attention to the possibility that
diffusion can occur through a homogeneous mixirmg@ss in which governments have roughly
equal influence over one another. The following swsme examples of diffusion dynamics that

would only be revealed by examining duration depeicé:

Bandwagon Effects

What if governments were influenced merely byttital number of previous adopters,
regardless of their identities? As more and moneeghments adopt a policy, remaining non-
adopters will feel increased pressure to adopiné & bandwagon effect. Bandwagon policy
diffusion effects have been posited as a resylbeitive feedback cycles in the punctuated
equilibrium framework and as a result of the repnéativeness heuristic in the bounded
rationality framework (Boushey, 2010; Weyland, 2008 the first essay of this dissertation, |
find evidence of a bandwagon effect in the adoptibstate film incentives. A bandwagon
effect can be explained either in terms of learrmngompetition. The fact that several other
governments have adopted a policy may be seenmadopters as a signal that the policy is
good. In this case, non-adopters could be follgvarheuristic that they will adopt (or at least
consider adopting) policies that are being adopted growing number of their peers.

Alternatively, governments may interpret increagddptions among other governments as a

121



competitive signal: whether the policy is good adit is becoming more popular, and non-
adopting governments should consider adopting ¢ieypto keep up with their peers. As
displayed in Figure 2, in a bandwagon effect, theand of adoption would be monotonically

increasing, and likely accelerating.

Threshold Effects and Critical Mass

Similar to bandwagon effects are the conceptiralshold effects and critical mass.
According to Rogers (2003, p. 355), tAreshold[emphasis in original] is the number of other
individuals who must be engaged in an activity befo given individual will join that activity.”
The logic is similar to the bandwagon concept dbsdrabove except that instead of each
additional adopter adding pressure to non-adopters,adopters feel increased pressure only
after a minimum number of adoptions. Rogers exgléhat individual decisions—which are
subject to threshold effects—are aggregated tadefie critical mass at the system level. The
critical mass is “the point at which enough indivads in a system have adopted an innovation so
that the innovation’s further rate of adoption bmes self-sustaining” (Rogers, 2003, p. 343). In
other words, at the critical mass, an additionalpgidn pushes the total number of adopters past
another non-adopter’s threshold, triggerntsgadoption, which again increases the total number
of adopters, etc. With a critical mass effect, theard will probably be relatively flat until the

time the critical mass is reached, after whichiit e monotonically increasing (Figure 2).

Competitive Races
As Franzese and Hays (2008) explain, some polaiesissociated with negative

externalities—the adoption of a policy in one jdrction somehow negatively affects other
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jurisdictions. The classic example is tax comptit A tax cut in one jurisdiction will
presumably cause resources (capital, labor, etélgw away from other jurisdictions into that
jurisdiction, pressuring the other jurisdictionsaleo adopt tax cuts. Franzese and Hays explain
that these types of situations are characterizdaddiynover advantages. That is, the greatest
benefits of a tax cut (in terms of resource inflawil accrue to those who cut their taxes before
others, and as more and more jurisdictions cut thges, the benefit dissipates.

Policy diffusion scholars have argued that thgpes of competitive pressures will
usually be felt most acutely by geographic neigbl{Baybeck et al., 2011; W. D. Berry &
Baybeck, 2005). However, in some cases it mayasanable for governments to believe that
they are in relatively equal competition wah other governments, not just their geographic
neighbors. This will be especially true when indial governments in a population are quite
similar to one another, as is the case with statdse US, or other subnational governments. It
will also be more common when the competition rsré&sources that are highly mobile, such as
investment in motion pictures, which | discussha first essay of this dissertation.

A competitive race would be characterized by aeiited U-shaped hazard (Figure 2).
At first, as governments start to become awareaafmapetitive policy, they would try to move
quickly to dissipate the first mover advantage, tnedhazard would increase. Then, as more
governments adopt the policy, the potential gaioald/be dissipated, reducing the urgency to

adopt and causing the hazard to level off or eadin f

Policy Outbreaks
Boushey (2010; 2012) describes another systentfeliey diffusion dynamic driven by

external events. He draws on punctuated equihibtieory (True, Jones, & Baumgartner, 2007)
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to suggest that exogenous shocks, such as a fedanalate or focusing event, can trigger policy
outbreaks, sudden and rapid increases in the faigoption of a policy innovation. Boushey
(2012) shows that state adoptions of motorcyclenbelaws between 1967 and 1985 are an
example of a policy outbreak that was triggeredliogct federal intervention. As Boushey
explains, where the influence of exogenous evergrong, the cumulative distribution function
(which plots the proportion of the population theg¢ adopters over time) tends to be shaped like
a lower-case r, rising very steeply when the exogsrevent occurs and then flattening over
time. The corresponding hazard function, therefmauld sharply increase when the exogenous

event occurs and steadily decrease afterwardsr@-Rju

Generalized Learning

In the absence of exogenous shocks, Boushey (2XpRins that policies can spread as
a result of a decentralized process of increméadahing. While policy diffusion scholars have
concentrated on learning that takes place thropghific network connections (e.g. learning
from geographic neighbors), governments may alsml&éom each other in a more generalized
way. With modern communication technology, iteatively easy for policymakers to learn
about what is going on in other governments. Atiaimum, information about the total number
of adopters of a policy should be widely availalaleg this information is sufficient to trigger
bandwagon, critical mass, or race to the bottomctsf as described above. It is also quite likely
that more detailed information about a policy—idiees of adopters, reports of success/failure,
mass media coverage, etc.—will be widely availablall governments in a system.

These system-wide learning opportunities do netlpde more intensive forms of

learning from happening through specialized netvwoarknections, such as membership in
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interstate professional organizations (Balla, 20H9wever, to the extent that certain
information is equally available to all individuatsa system, its effect on the rate of adoption
will surface in the baseline hazard. In this wiig, baseline hazard reflects the overall

popularity of a policy, controlling for the effead$ any covariates that reflect individual
differences. An increasing hazard indicates thatpolicy is becoming more popular, perhaps
because of positive media coverage or widely piaaatreports of success. A decreasing hazard
indicates that the policy is becoming less popaolar time, perhaps because of implementation

challenges, negative re-framing, or general wamtayest.

The key point about bandwagon effects, criticabsp@aompetitive races, policy
outbreaks, and generalized learning is that theyalhdynamics that occur at the system level,
not at the individual level. However, quantitatstedies of policy diffusion frequently utilize a
regression framework that is designed to analyziatian at the individual levél’ The problem
with using only covariates to model diffusion istlit limits diffusion processes to being
measured by individual-level (or dyad-level) ch&gastics. As a result, system-level dynamics
that affect all individuals/governments in approaiely the same way are simply absorbed into

the baseline hazard and largely ignored.

Modeling Strategies and Recommendations
Given that duration dependence in event historicpaliffusion studies is potentially

much more than an assumptions violation or somgttarbe controlled for, researchers should

27 A recent notable example is Boust210; 2012), who suggests that a “standard” policy diffusisaqess
characterized by incremental learning should resemimormal cumulative distribution function. Hses a Bass
mixed influence model to explore how the diffusmmves for various policies diverge from normalowéver, this
model is not designed to examine how the charatiesiof individuals affect the hazard of adoptiasis the case
for most quantitative event history diffusion stesli
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work to develop strategies to properly model, aralyand interpret the baseline hazard. Below
is a list of steps and recommendations policy ditin researchers can follow when using

guantitative event history methods.

1. Develop hypotheses and modeling strategiedumtion dependence.

Researchers should use existing theory as wélhelsground knowledge about specific
policy contexts to develop hypotheses about tentplyraamics, including duration dependence
and/or non-proportional hazards. As described ejogeme diffusion processes that involve the
transmission of information and influence througkdfied network channels can be modeled
with covariates. However, other processes likedlbagon effects and competitive races will
appear in the duration dependence.

In some cases, it may be appropriate and feasildetually include in a regression a
variable that measures the total number of prevaalapters to capture a bandwagon or similar
effect. In parametric and discrete time eventnysinodels, this kind of variable can
mathematically be included, but should be used watltion. System-level variables that vary
across time but not across individuals are likelpé highly collinear with the specification for
duration dependence, possibly resulting in inflatohdard errors (Beck et al., 1998). As for the
Cox model, it helps to recall that the Cox modeddsiivalent to a conditional logit model where
the data are grouped by risk periods—that is, i i Like fixed effects models, statistical
identification for Cox model estimates comes froithia-group variation, so covariates that are
too closely related to time—as may be the caséhtotal number of previous adopters—will

likely prevent the partial likelihood from convengi.
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In most cases, time will have to serve as a pfokgystem-level diffusion dynamics.
Therefore, researchers could also test hypothdsrg ahether system-level diffusion dynamics
are conditioned by certain factors by interactingetwith covariates. For example, one
hypothesis could be that states with more profesdimed legislatures (which have more
resources, larger staffs, more days in sessior),ateless susceptible to bandwagon effects—
that is, the coefficient of an interaction term gliobe negative, with the primary effects of time
and professionalism being positive. In this wayniproportional hazards are re-interpreted to

illustrate what Shipan and Volden (2008) call theditional nature of diffusion.

2. Perform a preliminary analysis with a Cox moded plot the baseline hazard.

Although the Cox model does not parameterize #selne hazard, a non-parametric
baseline hazard plot can be retrieved from Cox hestémates (Box-Steffensmeier & Jones,
2004). The Cox baseline hazard plot is more flexiban other models because it does not
impose any particular shape on duration dependanckestimating a Cox model is a useful way
to get an initial idea of the overall shape ofblaseline hazard. Visual inspection should involve
looking for major trends of positive or negativeaion dependence or discontinuities that could
indicate the influence of exogenous shocks. Rebegs should also compare the Cox baseline
hazard plots to the general shapes of system-tiffesion dynamics shown in Figure 2. This
preliminary inspection of the baseline hazard widally provide guidance in selecting a
parametric specification for duration dependendackvcan then be used for statistical inference

and tests of duration dependence (see Step 5 below)

3. Test for non-proportional hazards.
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Non-proportional hazards indicate that the efféct oovariate changes over time and
may interfere with the estimation and interpretatd duration dependence. There are several
residual-based statistical tests available to ass@s-proportional hazards in the Cox model,
both at the covariate level and the global/modatlleand many of them have been built into
standard statistical packages (Box-Steffensmeigoéa, 2001; Box-Steffensmeier & Jones,
2004; Grambsch & Therneau, 1994). However, testagsessing proportionality in models
where time is parameterized are not as well deeel@nd involve a degree of guesswork by the
researcher (Box-Steffensmeier & Zorn, 20¢1)Therefore, the availability of precise tests for
non-proportionality is another argument in favousing a Cox model as a preliminary step in
the analysis.

When tests show that the proportional hazardswgsson is violated for particular
covariates, non-proportional hazards can be modstedcluding time by covariate interaction
terms in the model. The particular functional fasfrtime is the choice of the researcher, though
it is most common to use the natural f8gA likelihood ratio test comparing the originaldan
expanded models should show that the inclusiomd interactions improves the fit of the
model. Note that this does not necessarily eniateany of the interaction term coefficients are

statistically significant, which may have more twlith statistical power and sample size.

4. Test for unobserved heterogeneity.

% There are two general approaches to testing ptiopafity in parametric models. The first methoddlves

dividing up time into separate periods (at the caaf the researcher), running separate regressiadscomparing
coefficient values. Major differences may indicats-proportional hazards. The second method vwegol

stratifying the data by a covariate of interestinesting separate regressions, and comparing Inasetizards. For
more detail, see Box-Steffensmeier and Za001).

#|n discussing the Cox model, Box-Steffensmeier Zmah (2001) provide some discussion about whether to
interact variables with time, tirfieor In(time), which is most common, but there @ appear to be any strong
arguments favoring one way or another. In theicd$sion of using polynomials and splines to mddehtion
dependence in discrete time models, Carter ancb8igp(2010) recommend interacting covariates with each of the
spline or polynomial terms.
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It is also important to try to rule out unobservederogeneity, which can cause
“spurious” negative duration dependence even whemhobserved heterogeneity is not
correlated with the observed covariates (Zorn, 2000 event history analysis, shared frailty
models account for unobserved heterogeneity byrpaeating a random frailty parameter into
the usual models (Box-Steffensmeier & Jones, 2804)he use of a frailty model requires the
researcher to make an assumption about the distnbaf the random effect, and most
commonly, a gamma distribution is assumed (Zor@020 In the discrete time framework, one
can simply use a random effects logit, probit,loglowg model to account for heterogeneity.
Alternatively, Darmofal (2009) proposes a Bayesipproach that allows for spatially auto-
correlated random effects in frailty models. Iy aase, testing for unobserved heterogeneity
involves testing the hypothesis that the randomotsfvariance parameter is equal to zero. If a
random effects model is used, it is important taember that the model no longer has the
proportional hazards property, and the shape ofdzard will vary from individual to

individual.

5. Find the best-fitting specification for duratidependence.

Once other sources of duration dependence haverblsel out or accounted for, the
final step is to create a model in which the forindaration dependence is fully specified. The
general approach to specifying duration dependbasdeen to prioritize flexibility rather than
parsimony or interpretability. For example, onele most widely-cited sources for advice on
specifying duration dependence is Beck, Katz, amck&r (1998), who advise using either

temporal dummies or natural cubic splines, whigeasally impose smoothing functions on the

%0 As an alternative to frailty models, researcheay miso use “split-population” or “immune fractiomfodels that
assume that a certain proportion of the populatitimever fail (Box-Steffensmeier & Jones, 2004).
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temporal dummies and therefore use up fewer degidesedont’ However, as mentioned
above, Carter and Signorino (2010) report thatl®f dtudies (as of July 2006) that use Beck,
Katz, and Tucker’s time dummies or spline spediitrafor duration dependence, only 7
actually plot and interpret the hazard. They sfaeuthat this may be the case because
researchers do not really understand how to usénéergret splines, especially with regard to
knot placement. As for time dummies, they alsosisailations to show that the use of time
dummies can lead to statistical separation prohlefiney explain that it is not uncommon in
empirical studies that the time dummies (or somgeaf them) perfectly predict the outcome
variable, especially when the data show decredsargrds over time. In addition, if there are
many time periods with many corresponding dumnaeshors will be less likely to report
estimates for them, and estimation efficiency Wwdlreduced.

When we are interested in the form and meanirduadtion dependence, there is also an
argument to be made for parsimony. Why use a eesl§i complicated specification for
duration dependence when a simpler one providesjaally good or better fit? Moreover, if
one has substantive hypotheses about duration depe®, time dummies or splines may not
provide the most straightforward test. For exampéehaps a policy diffusion researcher
hypothesizes that a particular policy will exhibibandwagon effect—that the hazard of
adoption will rise over time simply because thaltotumber of adopters is increasing. In other
words, the researcher wishes to test for positivattbn dependence. The simplest way to do

this in a discrete-time model would be to use alilfood ratio test to compare a model with no

31 According to Beck, Katz, and Tucker (1998, p. 127Ratural cubic splines fit cubic polynomials &0
predetermined number of subintervals of a variafleese polynomials are joined at ‘knots,’” with thember and
placement of the knots specified by the analysho&hness is imposed by forcing the splines, aau fiist and
second derivatives, to agree at each of the knitsis each knot only uses up one degree of freedomat we can
flexibly fit a cubic spline using up only a verywWedegrees of freedom. The estimated spline caeffis can then
be used to trace out the path of duration depemrdéenc
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specification for time (a constant hazard modethwi model that includes a function of time
(e.g. linear, logged, etc™. If the inclusion of the time variable improvee it of the model and
has a positive coefficient, then the researcherccaclude that there is positive duration
dependence.

In general, researchers can use likelihood raststfor nested models, as well as AIC
and BIC scores for non-nested models to compaieusspecifications for duration
dependence. Options include linear, quadratibjgirer order polynomials, logged time, and
splines (Beck et al., 1998; Box-Steffensmeier &er2004; Carter & Signorino, 2010). Which
time specifications to compare is at the discretibthe researcher but should be guided by
theoretical expectations and visual inspectiorhef@ox baseline hazard (see step 2 above). For
example, if a researcher hypothesizes that diffusidl be characterized by a competitive race
with an inverted U-shaped hazard, then he or sbelglit models with non-monotonic baseline
hazards—quadratic or splines. The goal is to erploe nature of duration dependence by
comparing multiple models. Just as researcheesdaile to properly model covariates of interest
with transformations, interactions, etc., the prapedeling of time is a key component of event

history models.

Conclusions

| argue that the analysis of duration dependenp®ligy diffusion event history studies
can yield many insights in explaining the naturgalicy diffusion processes. As Elkins and
Simmons (2005) have stressed, policy diffusionpsacess, not an outcome. A process implies
change over time, so temporal dynamics should b&aldo the proper modeling of diffusion

processes. Fortunately, event history analysigiges many tools for examining time dynamics,

%2 This is analogous to comparing an exponential\@etbull model in the continuous time context.
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including non-proportional hazards as well as savyesrametric and non-parametric techniques
for modeling the baseline hazard. Policy diffussmholars have underutilized these tools,
relying instead on the traditional regression p@radhat focuses on static covariate effects and
techniques to control for assumptions violations.

In particular, | argue that while policy diffusisaesearchers have adapted the approach of
spatial models to create covariates that measueedyeneous mixing diffusion processes, they
have given much less consideration to diffusionimeacsms that involve homogeneous mixing
or system-level dynamics such as bandwagon effettical mass effects, competitive races,
policy outbreaks, and generalized learning proces$aese diffusion stimuli occur at the
system level, not the individual government legel they do not exhibit variation across
individuals and cannot be adequately measuredindliridual-level covariates. Instead, their
effect will be evident in the baseline hazard aration dependence. Modeling duration
dependence can be tricky, however. Researchersiaésl to account for unobserved
heterogeneity, omitted variables, exogenous infteespnand non-proportional hazards using
some of the techniques described in this essafmaltkely, duration dependence and covariate
effects are complementary tools that researchersisato gain a more nuanced understanding

of policy diffusion processes.
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Figure 1: Example of Baseline Hazard for Cox Model Estimates on State Film Incentive
Adoption
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Figure 2: Baseline Hazard Plotsfor System-L evel Diffusion Processes
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Conclusions
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While policy diffusion theory and methods can offiew insights into the study of state
tax policy, the study of tax policy can also ofiiesights to the development of policy diffusion
theory and methodology. In this dissertation,Jéhaxplored why states adopt tax incentives for
business. | have examined the effects of varidfisstbn-related factors, as well as states’
economic and political characteristics, on statlegisions to adopt five different types of
business tax incentives: film incentives, Investhigax Credits, apportionment changes, R&D
Credits, and Job Creation Tax Credits. It turnistbat what the evidence does not show is just
as important as what the evidence does show.d Many few similarities in the sets of factors
that influence the adoptions of these five différax incentives.

For example, in most diffusion studies, it is hypsized that states are more likely to
adopt policies if more of their contiguous neighbbave adopted the policy, because neighbors
provide either the most intense competition or nopgtortunities for learning. 1 find this to be
the case only for R&D credits—neighbor effects geaerally not significant for the other types
of tax incentives in this dissertation. Theseifgd are consistent with the idea that regionally-
based competition is becoming an obsolete way aoacherize the competitive pressures states
face. As several of this study’s interviewees nked, states increasingly feel they are engaged
in global competition for investment and jobs.this case, the relevant question is not how
many of a state’s neighbors have already adopieth¢antives, but how many states anywhere
and how many foreign countries have adopted taenitives. While these global competitive
pressures may ebb and flow over time, they exemféuence on all states.

The prevailing methodology in quantitative polaijfusion studies is ill-equipped for
dealing with these types of global factors. Erigtstudies focus on factors that vary from state

to state, such as unemployment rates, partisamataitstate government, or proportion of
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neighbors adopting. However, global pressuresadmm measured at the state level and are
therefore likely to be overlooked by the usual rodtiiogy. As | have argued in each essay in
this dissertation, the key to understanding théslead) diffusion factors is in examining duration
dependence, or baseline hazard, which shows hohetteerd of adoption changes over time
controlling for other variables. In these essaymyve tried to draw on under-utilized techniques
from event history analysis to show how the analg$iduration dependence can contribute to
our understanding of diffusion dynamics for stabe ihcentives.

For example, in the first essay on state film moes, | use a Cox model to uncover a
pattern of positive duration dependence that sugdkeat there is a bandwagon effect in the
adoption state film incentives—as more states athegoh, non-adopting states become more and
more likely also to adopt. | am then able to expli model and test the significance of this
bandwagon effect using parametric event historgrigies. In the second essay, | again use
Cox models to plot the baseline hazards for IT@ppaionment changes, R&D Credits, and
JCTCs. Interestingly, | find that all four baselinazard plots follow an inverted U-shape,
consistent with the idea that by adopting tax inives, states are effectively competing in a
zero-sum game for jobs and investment—a race tbdttem.

The third essay takes a more comprehensive mettgidal look at how to analyze and
interpret duration dependence in the context atgaliffusion. It connects the specific findings
about duration dependence and tax incentives ifirdtewo essays to a larger discussion that
has implications for other quantitative policy dgfon studies. In this essay, | argue that certain
system-level diffusion dynamics like bandwagon &feand competitive races, will manifest as
duration dependence. Therefore, an analysis fifsiltin patterns is incomplete without a

thorough examination of the baseline hazard. Videoa list of recommendations and strategies
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researchers can use to incorporate the analysligrafion dependence into their studies, and |
also explain how duration dependence is conneotether methodological issues like
unobserved heterogeneity and non-proportional kdazar

Going forward, it is important to continue to dome the insights from tax competition
and policy diffusion because they both address#mee fundamental question of how
interdependence between governments influencgsoliymaking process. More importantly,
if we can develop a better understanding of howegawents interact in making policy, we are
then in a better position to ask more normativestjaes. Does it matter that there do not seem
to be many common factors that lead states to adgphcentives? Should the federal
government intervene to mitigate these appareetsracthe bottom? Should states revise how
they decide whether to adopt tax incentives? Wiitlseriously debating and answering these
guestions, policymakers will likely continue to raim stuck in their “love/hate” relationship

with tax incentives.
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