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The symposium develops statistical models and methods for the study of path dependence. In this intro-
ductory essay, the connections between key areas in the path dependence and statistical literatures are
illuminated. And some ways in which familiar time series and regression models embody these ideas are
explained. The arguments in the articles in the symposium then are summarized and compared. Finally,
directions for additional, statistically grounded research on path dependence are discussed.

1 Introduction

The term “path dependence” has become ubiquitous in the social sci¢tage(2006 88) provides
an excellent summary of the range of disciplines and settings in which path dependence is invoked to
describe some phenomenon, going badRawoids (1985 explanation for the persistence of the QWERTY
keyboard. Path dependence often is used to mean history matters. But, history always matters. The issue
is which aspect of history and how. Effective use of the term to distinguish some historical processes from
others and to make predictions about the likely course of future events for path-dependent and non—path-
dependent processes requires rigorous conceptual frameworks and statistical methodologies.
Unfortunately, in these regards, progress in developing a rigorous definition of path dependence in
all its variants has been unevdPage(2006 88) comments that, “. . . the concept of path dependence
seems almost metaphorical.” Historical sociologists ha&honey(2000 clarified the importance of initial
conditions—"contingent events"—in path-dependent processes. But Mahoney proposed narrative meth-
ods for discerning path dependence in observed histdBiesnett and Elmaif2006, in the pages of
Political Analysis developed a more rigorous qualitative methodology for the study of path dependence.
They explained how techniques like process tracing and case selection can help illuminate path depen-
dency. But, like Mahoney, they restricted their attention to narratives not to time series data.
In an effort to render the literature more systema&mgeg(2006 clarified the nature of path dependence
and related it to key ideas in the study of system dynamics and human decision making. Page’s insightful
analysis and examples, however, are based on discrete and unique stochastic processes with simple rules
for changing states, more specifically, selecting and replacing balls from and into urns. Page made little
progress connecting his concepts and ball-urn processes to statistical ideas or in developing a methodology
for identifying different kinds of processes in social time series. More recafgtgne and Duran(201Q
749-51) offered some suggestions about how to make the study of path dependence more “empirically
tractable.” But they make only passing reference to the data analysis of path-dependent ptocesses.

Authors’ note:Introduction to articles originally presented at a Conference on Path Dependence, sponsored by the Society for
Political Methodology, University of Minnesota, Minneapolis, MN, June 4 and 5, 2010. We thank the Society and the National
Science Foundation for their assistance, the reviewers of the individual papers for their valuable contribution, and Michael Alvarez
and Jonathan Katz for their interest in and support of this project. We also thank Aya Kachi and Kenneth Kollman for comments
specific to this essay.
4in addition,Vergne and Duran€201Q 746-7, 752) are confusing in the way they use the terms “structural causes,” “exogenous
shocks,” and “shocks.” It is unclear, for example, what functional forms Vergne and Durand have in mind when they refer to
regression models or how (when) those functional form embody path dependence.
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This essay and the articles in this symposium aim to develop models and statistical methods for the
study of path dependence. They grew out of discussions of a recent contributiankson and Kollman
(2010 and of a conference on the topic. The conference’s first goal was to extend the formal models
of path dependence beyond the discussions of drawing balls from urns such as the Polya process and of
case studies, which all three articles®®he second objective was to develop a statistically grounded,
conceptual framework for the empirical study and testing of these models. This framework incorporates
key ideas in regression, time series, and other branches of statistics and, at the same time, captures the
important distinctions made by scholars like Mahoney and Page. We sought to show how well-known
univariate and multivariate statistical models are (not) useful for analyzing path dependence. In what
follows, we sketch each goal and then explain how the three articles published here contribute to the
achievement of one or both of our objectives.

2  Conceptualization

Two concepts are at the heart of the study of this topic: equilibrium dependence and outcome dependence.
The concept of an equilibrium has different meanings across the various disciplines in the social sciences.
A Nash equilibrium in game theory is not the same thing as the equilibrium (cointegrating) relationship
between two nonstationary time series, which is not the same thing as an equilibrium in a dynamic system.
In our context, an equilibrium means the limiting distribution of the outcomes of some temporal process.
For discrete outcomes such as those described by the familiar Markov process or the ball-urn process
discussed by Page, an equilibrium is the long-run distribution of probabilities of the different states of the
world, such as the proportion of blue or yellow balls in an urn.

For a continuous outcome as observed with many time series and denoygdabyequilibrium can
be defined by the possible mean, variance, and lagged autocovariancesyg$ et becomes large.

These are denoted by, respectivdlyy) = ut, E[(%t — 11)?] = of, andE[(t — ) (Yt—j — ur—j)] =

7j. A process has an equilibrium distribution if botf and atz are finite, if uy approaches a constant
value x ast — oo, and if the process is stationary, meaning thais independent of and declines

asj increases. The article by Jackson and Kollman provides more formal descriptions of this definition

of an equilibrium. In a companion piecEreeman(2011) analyzes how the concept of ergodicity as
applied by students of path dependence (long-run behavior of a discrete Markov chain) and some time
series statisticians (e.g., the relation between ensemble and long-run time averages) embodies the idea of
equilibrium independence. He also compares the ways scholars in the two literatures use the concepts of
stochastic stability and stationary (density) distribution.

Outcome dependence, as usedFage(2006, means that current realizations wfdepend on previ-
ous realizationsy;_s, s = 1, ..., t. For example, the standard first-order autoregressive (AR(1)) process
exhibits outcome dependence. Outcome dependence has two forms, equilibrium independence and equi-
librium dependence. In an equilibrium-independent process, the mean of the limiting distribusioot
a function of the initial or early realizations of the process. If there are forcing or exogenous variables
denoted byX;, the limiting distribution defining an equilibrium is conditioned on a valueXoisay X*,
that is reached and maintainedtaacreases. In an equilibrium-independent procgss,only a function
of X* such asu = X*B in a linear system.

With equilibrium dependence, by contrast, the mean of the limiting distribution is also a function of
some set of the previous outcomes. Most usage of the term path dependence coincides with equilibrium
dependencé.There are several distinct kinds of equilibrium dependence. An interesting case for our
purposes is when the current value of a process depends upon its initial conditions. Historical sociologists
such asMahoney(2000 and alsoGoldstone(1998 define path dependence in terms of the impact of

2Page(2006 Example 2, 98) defines the Polya process for the case in which there is one maroon (M) and one brown (B) ball:
Initially M = B = 1. In any period, if a brown (respectively maroon) ball is selected, then it is put back in the urn together with

an additional ball of the same color. Not only can this process converge to more than one ratio of brown and maroon balls, it can
also converge to any ratio of brown and maroon balls.

3The complete list of participants and paper titles can be found on the polmeth settyet/{olmeth.wustl.edu/conferences.
php?i=4. Some of the original papers can be found on this site. Some revised versions of the papers can be found there as
well.

4Page(2006 defines path dependence in a way that may include equilibrium dependence as well as equilibrium independence. We
advocate restricting the use of the term path dependence to processes that are equilibrium dependent.
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initial conditions on current outcomes; “[path dependent] outcomes are related stochastically to initial
conditions” Goldstone 1998834). Frequently, this definition is extended to include the early outcomes
of the process in addition to initial conditions. In pure path dependence, the sequence of these early
outcomes affects the mean of the limiting distribution. In whage(2006§ humorously refers to as phat
dependence, only the set but not the sequence of early outcomes materee show below, familiar
time series and regression models may embody all these types of equilibrium dependence—dependence
on initial conditions and path and phat dependénce.

To illustrate the difference between equilibrium independence and path or equilibrium dependence,

recall the previous definition of a temporal procegss = 1,..., T, and its limiting equilibrium distri-
bution. Now consider a second series of observationgifos rerun of history if you will. And another
series, and so on. Denote each of these historigg,asherei = 1,..., 1, giving | different histories,

or whatHamilton (1994 calls an ensemble. Restrict, again, these hlstorles to stationary processes with
a I|m|t|ng distribution, meaning each series has a meanNow denote byyO the initial value and by

yl, Yoo oo yS the outcomes for the firg periods in series. In an equilibrium-independent process, as
described above, each series’ equilibrium limiting distribution has the same mean and variance, denoted
by ¢ = u ande? = g2 for alli. In an equilibrium- or path-dependent process, the mean and (or)
variance of the limiting distributions will be dlffereryt # ul and (one 2! # ¢21,i # . Further, each

meanu will be a function ofyo, Yi. Y5 - .., ¥s. In @ sequence-dependent process, the precise sequence
V1o Yoo o e e ys matters, whereas in a phat-dependent process, the set of prewalises matter but not
their order.

In outcome-dependent processes without a single limiting distribution, current valye®ofbody
some or all of its history; the set or sequence of past outcomes will have an impgctBut when such
processes do not have a limiting distribution, they are not stationary processes and therefore do not have an
equilibrium as we define the term here. A random walk is a classic example of such an outcome-dependent
but nonequilibrating process.

These same concepts and definitions apply in a multivariate context that includes exogenous (forcing)
variables,X. That is, in both equilibrium independence and dependence, the mean of the limiting dis-
tribution will be a function of the steady-state valuesXafdenoted byX*. The difference is that in the
equilibrium- dependent process, the means will be functions of the initial and/or early outcomes as well
as of X*, meaningu' = F(X*, ¥4, V1, ---» y's) This contrasts with an equilibrium-independent process
whereu' = u = F(X*). Again, Jackson and Kollman offer more formal descriptions of the difference
between equilibrium independence and dependence.

These two concepts, those of an equilibrium as a limiting distribution of a stationary process with a
fixed mean and finite variance and that of outcome dependence in its two different forms, are at the core
of the formal discussions and models of path dependence presenteBédmar, Page, and Tool2012
model the impact on the limiting distribution if it is possible to revise or alter some previous outcome.
Franzese, Hays, and Kac{#012 analyze path dependence in the context of a Markov type network
model. Jackson and Kollman examine the equilibrium properties of different nonlinear dynamic models
to distinguish more clearly and precisely the differences between various equilibrium-independent and
-dependent processes.

3 Statistical Evidence

Data analysis that distinguishes among the different outcome- and equilibrium-dependent processes is as
important as conceptualizing them. Without sound data analysis, one stands a high probability of choosing
the wrong statistical model and of drawing incorrect inferences about the nature of dynamic processes.
The challenge, as always, is to identify the true data-generating process and to interpret it correctly.

5The common urn process discusseddsthur, Ermoliev, and Kaniovski1987) andPage(2006 where a ball is drawn and then is

returned to the urn along with another ball of the same color is an example of a phat- but not path-dependent process.

SPage’s Founder Process—a ball-urn process in which one of two balls is chosen, replaced, and then the other ball is removed—
illustrates early outcome dependence. Page's Polya process and Burden of History processes illustrate phat and path outcome
dependence, respectively.
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Time series analysis expressly focuses on historical dependence—on “unpacking historical causality”
(Page 200p Freeman’s(2011) companion essay on time series analysis and the detection of path
dependence, summarized here and available on the conference Web site, addresses this problem. He
analyzes, for instance, how different time series models capture dependence on initial conditions. His
investigation is based on a four-fold classification of time series models, linear and nonlinear, and univariate
and multivariate. The Appendix to this Introduction contains T&dahat summarizes his arguments.

One important distinction among these time series models in the table is whether the model is weakly
or strongly restricted. The weaker the restrictions in the model, the more the researcher is letting the
data select a functional form as well as the parameters. Conversely, the stronger the restrictions the more
structure that is being imposed on the process and the data by the researcher. A vector autoregression
is an example of a weakly restricted model. The model3azkson and Kollmaf201Q 2012 of path
dependence are examples of strongly restricted modelskman(1991) discusses this distinction in the
context of distinguishing between the effects of initial conditions and heterogeneity in duration models.
He concludes that externally imposed restrictions, such as a functional form, are required. But that may
not always be the case. The decision will be influenced by the data available as the fewer the restrictions
the richer and more informative the data must be to develop results with useful confidence levels.

Freeman’s essay shows that some weakly restricted, linear time series models embody dependence
on the sequence of most recent outcomes and also a form of equilibrium independence. Another model,
the random walk, captures the effects of initial or early conditions and phat dependence. Because its
distribution variesin time, the random walk embodies not just initial condition and phat outcome
dependence but also some of the characteristics of equilibrium dependence. Unit root tests therefore can
yield insights about these elements of path dependence. On the other hand, there are concepts in the study
of linear time series models that appear to have no clear parallel in the path dependency literature, in
particular, the idea of a (correction to) moving equilibrium in phat-dependent processes (cointegration).

Nonlinear time series models exhibit forms of outcome and equilibrium dependence. For example,
threshold autoregressive (TAR) models that entail switching between rates of persistence or between two
different univariate AR(1) processes can connote sequential outcome independence but still embody a
form of equilibrium independence: geometric ergodicity. A band-TAR, on the other hand, for a period
of time, can switch into a random walk process and hence into phat outcome-dependent and equilibrium-
dependent modes. The notion of switches between different paths of adjustment to a moving equilibriumin
phat-dependent processes is captured by nonlinear error correction models. Nonlinear regression models
where the autoregressive parameters vary temporally can exhibit equilibrium dependence under certain
conditions. The implication is that existing time series methods give us the tools to study a wide range
of concepts associated with the idea of path dependence. Analysts simply must be clear about which
concepts are embodied in each model.

A second topic in time series analysis is the analysis of pooled time series, cross-sectional data (TSCS)
where there are longitudinal data, such as monthly, yearly, or biannually, on a number of different units,
such as election districts, states, or countries. Denotg liie outcome in periodt =1, ..., T, for unit
i,i =1,...,1. These outcomes are then functions of previous valueg &rd any exogenous variables
Xii. There is an important parallel between TSCS models and the concept of an ensemble used earlier
to define an equilibrium distribution and to discuss the distinctions between equilibrium-independent and
equilibrium-dependent processes. The correspondence is not exact as the realizatigrferfone dif-
ferent units may not be generated by the same process as was assumed in the case of ensembles. These
units differ in their values foiX;j and not just in their initial values and early outcomes. Consequently,
the mean of the limiting distributions will be different for each unit for reasons other than equilibrium
dependence. But proper specification of the variables that com¥ygisand of the form of the model will
make these equilibrium mean values conditional onXtgand enable one to infer whether differences in
these equilibrium means are related to initial and early conditions as well as to recent and current values
for X;j. If they are, the results are consistent with an outcome-dependent process. Pooled TSCS data are
central to the analyses in two of the symposium’s papers.

Freeman(2011) contends that although there are clear parallels between the ways students of path dependence and time series
statisticians conceive and analyze various forms of outcome dependence, there are some important differences in how they analyze
equilibrium dependence. Hence, the last column in his table uses the term “limiting behavior.”
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4 Symposium Content

In the previous articleJackson and Kollma(010 articulate some necessary conditions for path depen-
dence in single equation, multivariate dynamic regression models. Here they extend their
analysis to distinguish between equilibrium, or path, dependence and equilibrium independence. They
restrict path dependence to be processes that are equilibrium depénlmkison and Kollman illus-

trate how equilibrium-independent processes can appear to be equilibrium dependent and vice versa.
They then use time series, cross-sectional data on health expenditures in Organization for Economic
Cooperation and Development countries to demonstrate a possible estimation strategy for slow-moving
equilibrium-independent processes. Jackson and Kollman show that a very slow-moving, or sticky,
equilibrium-independent process might be mistaken for one that is equilibrium dependent. Making the
distinction between the two types of dependence requires a well-specified nonlinear dynamic model, rich
time series data, and carefully selected estimation methods. In the end, Jackson and Kollman conclude
that path dependence is an important feature of comparative political economy and public policy, but it is
also likely rarer than most scholars realize.

Franzese, Hays, and Kachi study path dependence as a by-product of spatial interdependence. They
associate path dependence with multiple steady states of a process that is composed of external and in-
ternal stimuli, contagion, and selection. They analyze multiple steady states with a discrete time Markov
model of network behavior and coevolution. The important feature of their model is that individuals’ states
are connected to those of other individuals due to both spatial and network factors. The state transition
probabilities evolve over time, satisfying one of Page’s criteria for equilibrium dependence. Franzese et al.
then develop an estimator for this system and show its properties with simulated data. The performance of
their estimator compares very favorably with that used by proponents of the simulation investigation for
empirical network analysis (SIENA) model. Franzese et al. then apply their model to great power conflict
and alliances behavior, showing that the respective behaviors can be explained as a coevolutionary net-
work. An important implication of the article by Franzese et al. is that the evolution of behavior among
cross-sectional units may be path dependent under specific conditions.

Despite employing a similar logic of explaining how it emerges within a particular multivariate causal
mechanism, Franzese et al. and Jackson and Kollman reach different conclusions about the prevalence of
path dependence. Both sets of scholars allow for first-order temporal persistence (in the form of a first-
order Markov process and the first-order autoregressive functional form). Both allow external exogenous
shocks to change the nature of their causal mechanisms (to changgheafneters for coevolution and
the level of the forcing X) variable, respectively).And both make effective use of simulation to chart
social dynamics, for example, to illuminate how phat dependence occurs and how it manifests itself over
time. But they employ somewhat different conceptions of path dependence, Franzese et al. as equilibrium
in distributions of types and Kollman and Jackson as differences in the expected value of distributions.
Also, Franzese et al. stress cross-unit processes in their modeling, whereas Jackson and Kollman empha-
size temporal persistence. And, most important, their articles reach different conclusions about when path
dependence emerges: Franzese et al. say conditions of pure persistence of individuals types and of past
ties o = ¢1 = 1, ¢ = 1) eliminatespath dependence; the parallel conditions in Jackson and Kollman’s
mechanism, the condition of complete persistepges 1, is what produces path dependence. Finally, the
former end up arguing that path dependence is relatively common, whereas the latter argue'it is rare.

Bednar, Page, and Toole introduce what they call revision to the analysis of equilibrium dependence.
Revision means that a previous outcome can be altered or revised. This revision can change the future
evolution of a process. An example is a ball already in a Polya type urn process could be “flipped” to
the opposite color as a consequence of a current draw. The analogy is that a past court decision can be
reinterpreted in the present, and this reinterpretation then alters future judicial decisions. Bednar et al.

8Recall thatPage(2006) includes path dependence within his broad group of outcome-dependent processes.
9n fact, Franzese et al. say that shocks to tleefrarameters are similar to shocks in an exogenous variable in a regression
equation.

10As readers will see, there is an important difference between the models in the articles by Franzese et al. and Jackson and Kollman.
In the article by Franzese et al., outcomes are discrete binary choices, whereas in the article by Jackson and Kollman, outcomes
are measures of a continuous interval variable. The difference in the type of behavior modeled by the two sets of scholars leads to
substantially different specifications and applications.
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show that for processes with binary outcomes, such as the classic Polya process, even small probabili-
ties of revision can dramatically alter the set of equilibrium outcomes and hence the possibility of path
dependence. Under one condition, in the urn process, the equilibrium could be balls all of one color. In
another condition, the equilibrium outcome is a set of balls the colors of which are evenly distributed.
Only under a knife-edge condition does the process generate the “anything is possible” equilibrium often
claimed for path-dependent processes. This is a profoundly different description of binary processes than
one observes with the traditional Bernoulli or Polya models.

The analysis of Bednar et al. resembles, in some ways, those in the other two articles. Bednar et al.
also start from a general causal mechanism, in their case a combination of three processes: a familiar
urn process of the Polya type, a process that sometimes produces random inputs (shock), and a process
that sometimes produces revision. Like Jackson and Kollman and Franzese et al., they then derive the
conditions under which this causal mechanism produces path dependence. Bednar et al.'s mechanism
also has temporal persistence but of a different kind. Their two main paramptarslq, are similar
to those that cause the shocks in thparameters in the model of Franzese et al. and inthariable
in the model of Jackson and Kollman. Both Bednar et al. and Franzese et al. emphasize the idea of
multiple limiting distributions connoting path dependence. For the former, this includes the possibilities
of obtaining distributions composed of either all or both types of colored balls over the long term; for
the latter, it is steady states composed of different distributions of actor types. Like Jackson and Kollman,
Bednar et al. conclude that path dependence is relatively rare, a knife-edge condition produces it.

There are clear differences in the three articles as well. Bednar et al. motivate their model from
historical agent-centered processes like judicial decision making, whereas Franzese et al. and Jackson and
Kollman motivate their investigations from more macro-historical processes like alliance formation and
conflict and long-term economic growth. Like Franzese et al., Bednar et al. suggest the idea of change-
points. Just like sudden changes in thparameters in the former’'s model, the latter allow for sudden
episodes of revision. Kollman and Jackson allow for sudden shocks in their exogenous variable but focus
mostly on the idea of smooth changes in their autoregressive paramét@&@ednar et al. do not simulate
their causal process; unlike the other sets of scholars, they do not produce any analysis of the rates of con-
vergence to the three kinds of equilibria suggested in their main result (Claim 3). And Bednar et al. do not
explain how one could estimate thgiandq parameters for judicial or any other social process, although
they do provide some insights about how such estimates—if they somehow could be produced—should
be interpreted. Finally, the results of Bednar et al. are developed for processes with discrete outcomes,
such as an urn with two colors of balls. In this example, it is easy to say that revision means a blue ball
was drawn instead of a yellow one and hence a blue ball replaces a yellow ball in the urn. It is not clear
what revision means, or implies, for processes with continuous outcomes, such as economic performance
or health expenditures, as described by Jackson and Kollman. How large a difference in gross domestic
product growth or in the public share of health expenditures is needed for there to be “revision?”

5 Going Forward

Together the articles illuminate several avenues for future research. First, it is important to understand
more fully how the causal mechanisms in the three works are related to one another. Is the path revision
process in the model of Bednar et al. related somehow tedh&inationof behavioral contagion and
homophilic selection in the investigation by Franzese et al.? In what sense? The different accounts of path
dependence in the analyses of Jackson and Kollman and Franzese et al. need to be reconciled. Are the
conditions for temporal persistengg,= 1, that produce path dependence in the former and the parallel
condition that eliminates path dependence in the lattess c1, c; = 1, inconsistent or complementary?
The larger question is whether Bednar et al. and Jackson and Kollman are correct that path dependence is
rare. Can we classify social processes into those for which path dependence is and is not likely?
Empirically, the articles illuminate many challenges. Changepoint detection is one of them. The articles
clearly show how changes in parameters can alter the character of a social process, eliminating or pro-
ducing path dependence. Franzese et al. suggest that such break points are common. The three articles

11At the same time, Jackson and Kollman note that sufficiently large shocks to exogenous variables can create larggy shifts in
yielding a large change in the relationship betwgeandy;_1.
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are less clear about how we detect such changes or whether extant methods of changepoint detection are
useful Park 20114; Spirling 2007.

A related problem is observational equivalence. The articles are relatively clear about what we should
expect it the way of long-run behavior of each causal mechanism and when (if) this behavior connotes
path dependence. And, the simulations in the articles by Jackson and Kollman and Franzese et al. give
us some useful insights about how their mechanisms behave in time. The former spell out some seem-
ingly stringent conditions for discerning changes from equilibrium-independent to (from) equilibrium-
dependent processes. The latter show the advantages of their model over a well-established alternative
model, SIENA. But the deeper question remains of whether processes out of equilibrium can be dis-
tinguished meaningfully from processes that are equilibrium dependent with data that are often highly
spatially and temporally aggregated and hence do not exhibit a lot of variance. The Jackson and Kollman
(footnote 11) difficulty in estimating models with complete persistepge; 1, is illustrative.

Third is the problem of model scale. Franzese et al. acknowledge the problems of estimating models
for higher order social processes and high event rates. Would latent variable approaches be more useful in
these cases, for instance?

The usefulness of human subjects research in motivating and understanding mechanism that produce
path dependence is a fourth issue. Bednar et al. demonstrate how human subjects experiments can be used
effectively to motivate revision. Whether such experiments also could be used to refine and extend the
analyses in the investigations by Jackson and Kollman and Franzese et al. is unclear.

A profound implication of the articles by Jackman and Kollman and Franzese et al. is that one should
carefully consider the possibility of path dependence in traditional cross-sectional studies. The social out-
comes on which such studies focus represent random distributions about some equilibrium conditioned
on the values of a set of exogenous variables. If the respective process is path dependent, say as in the
case of the network of Franzese et al. with coevolution, these cross-sectional results, even if each obser-
vation is at or near its equilibrium, will be partially dependent upon the history and initial conditions. The
model of Franzese et al. combines time series and cross-sectional data, which is how they can identify
path dependence. Many models for studying networks and the related models for studying spatial inter-
dependence, however, are estimated only with cross-sectional data and omit the possible presence of path
dependence. Omission of variables measuring these properties may lead to the classic omitted variable
bias. At a minimum, it means that cross-sectional analysis will not be able to recover the structure of the
true data-generating process. For an illustration of this problem]ageson1996. What is needed are
explicit arguments that the process is equilibrium independent and that all deviations from the equilibrium
values of the limiting distribution are white noise. Or, one must explicitly exclude variables representing
initial conditions and(or) early outcomes in the process.

Page(2006 identifies one very important condition for equilibrium dependence that is then elaborated
by these papers. He makes the point that equilibrium dependence requires time-varying transition proba-
bilities or coefficients. In discrete Markov models, this means variations in the transition matrix. In other
models, it means that coefficients relating outcomes attitog@revious outcome must exhibit some vari-
ation over timeFreeman’§2011) companion piece identifies some time series models that connote a kind
of equilibrium dependence. An example is the univariate random walk, the distribution of which changes
in time (due to its time-dependent variance). Other examples are the band TAR model, the nonlinear error
correction model, and nonlinear regression model. This property is evident in the models of Franzese et al.
and Jackson and Kollman with equilibrium dependence. Tests for equilibrium dependence in any process
will require the application of more complex estimators as well. Interest in path dependence is likely to
lead to more intensive exploration of these time-varying and likely nonlinear models and their statistical
underpinnings. It may also prove fruitful to reexamine some of the well-known time series studies with
these estimators to ascertain if reestimation with these more encompassing methods will lead to altered
inferences about some of our important dynamic processes. For example, almost all studies of macropar-
tisanship have been done with models with fixed coeffici&ritds possible that some of the conclusions
about macropartisanship may be modified by a more thorough exploration along the lines proposed in
these papers.

12An exception isJackson and Kollma(2011, 2012 that includes a nonlinear time-varying autoregressive term.
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Appendix
Table A1  Time series models, outcome dependency, and retatecepts
Impact of Phat Sequence
initial condition(s) outcome  outcome
Model on outcomes dependence dependence Lintiéhgvior
Univariate, linear
Stationary autoregression Yes No Yes For Gaussian errors, ergodic in moments;
stochastically stable
Nonstationary
(random walk) Yes Yes No Fixed expected value, changing

distribution in time
Multivariate linear models
Single equation time
series regression

(stationary errors) No No Yes Depends on forcing function
Singe equation ECM Yes Yes Yes Fixed expected value
repeated moves into/out of “equilibrium”
Stationary vector
autoregression No No Yes Fixed vector of expected values
VECM (less than
full rank) Yes Yes Yes Fixed vector of expected values;

repeated moves into/out of "equilibrium”
Nonlinear time series

Simple TAR No No Yes Under certain conditions, geometrically
ergodic

Basic TAR No No Yes Under certain conditions, geometrically
ergodic

Band TAR Yes Yes Yes In part, changing distribution in time

Nonlinear ECM Yes Yes Yes Fixed vector of expected values; switches

between rates of error correction
movements into/out of “equilibrium”
Nonlinear least squares
regression No No Yes Depends on forcfngctions

Funding

The three articles in the symposium on path dependence were originally presented at a conference at
the University of Minnesota in June, 2010. The conference was funded, in part, by the National Science
Foundation, grant number SES-0720343, “Support for Conferences and Mentoring Activities in Political
Science,” principal investigators Philip A. Schrodt (University of Kansas) and Janet Box-Steffensmeier
(Ohio State University). This grant was administered by the University of Kansas.

References

Arthur, W. Brian, Yu M. Ermoliev, and Yu M. Kaniovski. 1987. Path dependent processes and the emergence of macro-structure.
European Journal of Operational Resea2:294-303.

Bednar, Jenna, Scott E. Page, and Jameson Toole. 2012. Revised path-dep&otiecakAnalysis20:146-56.

Bennett, Andrew, and Colin EIman. 2006. Complex causal relationships and causal methods: The example of path dependence.
Political Analysis14:250-67.

David, Paul. 1985. Clio and the economics of QWERAMerican Economic Revienb(2):332-37.

Franzese, Robert, Jr., Jude C. Hays, and Aya Kachi. 2012. Modeling historical dependence in network-behavior coegtiicbn.
Analysis20:175-90.

Freeman, John R. 2011. Research note: Can time series methods be used to detect path dependence? Revised version of a paper pre-
sented at the Conference on Path Dependence, University of Minnesota, Minneapolis, MN, June 4 andh&p204@w.polisci.
umn.edu~freeman/pathdependence.pdf


http://www.polisci.umn.edu/$/sim $freeman/pathdependence.pdf
http://www.polisci.umn.edu/$/sim $freeman/pathdependence.pdf
https://doi.org/10.1093/pan/mpr052

https://doi.org/10.1093/pan/mpr052 Published online by Cambridge University Press

Symposium on Models of Path Dependence 145

Goldstone, Jack A. 1998. Initial conditions, general laws, path dependence, and explanations in historical sécr@agsn
Journal of SociologyL04:829-45.

Hamilton, James. 199Zime series analysi®rinceton, NJ: Princeton University Press.

Heckman, James J. 1991. Identifying the hand of the past: Distinguishing state dependence from heteogenieiiyn Economic
Review81(2):75-9.

Jackson, John E. 1996. Political methodology: An overviewNdémn handbook of political scienceds. Robert Goodin and Hans-
Dieter Klingemann, 717—-48. Oxford: Oxford University Press.

Jackson, John E., and Ken Kollman. 2010. A formulation of path dependence with an empirical ex@uapterly Journal of
Political Sciences:257-89.

. 2011. Connecting micro and macro partisansRgitical Analysis19:503-18.

. 2012. Modeling, measuring and distinguishing path dependence, outcome dependence and outcome indéfmitidahce.
Analysis20:157-74.

Mahoney, James. 2000. Path dependence in historical socidlbggry and Societ§9:507-48.

Page, Scott E. 2006. Path depende@earterly Journal of Political Scienc&:87-115.

Park, Jong Hee. 2011a. Changepoint analysis of binary and ordinal probit models: An application to bank rate policy under the
interwar gold standardPolitical Analysis19:188—-204.

. 2011b. A unified method for dynamic and cross-sectional heterogeneity: Introducing hidden Markov panel models.
Typescript. Chicago: University of Chicago.

Spirling, Arthur. 2007. Bayesian approaches for limited dependent variable change point prétuktinal Analysis15:387—-405.

Vergne, Jean-Philippe, and Rodolphe Durand. 2010. The missing link between the theory and empirics of path dependence:
Conceptual clarification, testability issue, and methodological implicatimsnal of Management Studid3:736-59.



https://doi.org/10.1093/pan/mpr052

	Introduction
	 Conceptualization
	Statistical Evidence
	Symposium Content
	Going Forward

