Stealth diffusion: An agent based modeling approach *

Christian W. Martin™

Abstract

Numerous studies on policy diffusion have argued that the driving force behind
such processes is learning from experiences made elsewhere. This paper takes
issue with the selection bias inherent in most of these accounts. By focusing on
cases of policy adoptions, it is frequently overlooked that diffusion might well
take place without triggering any observable effect that is nonetheless different
from a scenario without diffusion.

I develop an agent based simulation model of policy adoption where policies are
adopted according to one of three scenarios: Random adoption, learning from
successful policies and learning from failed policies. It is shown that while
learning from successful policies can be clearly distinguished from random
adoption, the same is not true for the third scenario. I show that under a range of
parameter assumptions, no policy change occurs although learning was present
as a diffusion mechanism.
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1 Introduction

Comparative Politics for a long time operated according to a simple
methodological position: Causal inferences are to be drawn by comparing
variables across units like countries or states. More often than not, however, a
central assumption of this approach remains unstated: That the units that are
compared are independent from one another. That means: Units do not
influence each other, which for the context of political science in turn means that
decisions made in one jurisdiction do not influence decisions made in other

jurisdictions.

Whether this assumption is unrealistic or not is irrelevant to the question of
whether it can be upheld. What matters is if this assumption leads to wrong
empirical results in the sense that parameter estimates are biased if empirical
models employ that assumption. In case such bias is introduced, some factors are
wrongly ascribed a more important influence than they actually carry. As Rob
Franzese and Jude Hays (2007) have forcefully argued, comparative research is
prone to committing just that error if interdependence between units exists but is
not modeled. Typically, domestic influences are ascribed too strong an influence

if interdependence, albeit present, is not considered.

Awareness of possible unit interdependence and ensuing processes of policy
diffusion has grown over the last couple of years. In fields ranging from
democratization studies to international tax competition, researchers are
increasingly employing theories and methods that can accommodate unit
interdependence. Alas, the focus on observable outcomes brought about by
interdependence has introduced a different and potentially even more serious
form of bias. In this paper, I will argue that the assumption of unit
interdependence producing directly observable outcomes is unwarranted.
Rather, processes of policy diffusion can be present in the absence of observable

changes in policy adoption. I refer to these instances as “stealth diffusion!”.

'Tam indebted to Ed Gibson for suggesting this term.



Stealth diffusion can be present in a context where policy learning is concerned.
The overwhelming majority of accounts that employ learning as diffusion
mechanism relies on instances of policy success. In that case, the fact that one
jurisdiction implements a policy increases the probability of other jurisdictions
implementing that same or a similar policy as well. This would be the case of
“positive policy diffusion”. However, lessons can be learned from policy failures
as well. Imagine a situation where jurisdiction i implements a policy and other
jurisdictions observe how the policy fares. If the policy is unsuccessful in
jurisdiction i and other jurisdictions draw their lessons, then no observable change
in these jurisdictions” policy adoption behavior will be observable. This is the case
of “stealth diffusion”: A diffusion mechanism is clearly present, namely: learning,

but there will be no observable outcome.

To see the outline of my argument more clearly, consider the following stylized
and typical research strategy in diffusion studies: A researcher comes up with a
model of interdependence between jurisdictions that is based on information
externalities. Governments look to other states or countries in order to see which
policies work. Successful implementation of a policy will make the adoption of
the same or a similar policy in another jurisdiction more likely. Considering this,
the empirical results will adequately reflect influences from other jurisdictions
while putting less weight on domestic factors. However, an account like this is
only part of the story. If informational externalities are present, why would they
affect decisions only in cases of policy success? Policy failures carry potentially
important information for other jurisdictions. If there is a connection between
jurisdictions that allows them to observe each others policies and learn from one
another then there is no reason to believe that such informational transfers

pertain only to positive cases of policy implementation.

In order to explore the implications of such a scenario, I develop an agent based
simulation model of policy diffusion where three scenarios are compared:
Random policy adoption, positive diffusion, and stealth diffusion. By contrasting

patterns of policy adoption and abandonment, I present the case for more



thoroughly conceptualizing policy diffusion through learning. If stealth diffusion
is indeed a relevant factor in policy adoption and implementation then it is likely
that diffusion research has in the past missed a non-trivial number of cases of

policy diffusion.

The remainder of this paper is organized as follows: In the next section, I will
introduce the concept of policy interdependence and policy diffusion. I will then
turn to describing the computational model and its results. A fourth section

concludes and discusses possible extensions to the model.

2 Policy interdependence and policy diffusion

Taking into account unit interdependence in social science research dates back to
the 19th century when Sir Francis Galton famously pointed out that observing
the same outcome across units is not necessarily linked to a common influence
but can also be explained by the units not being independent from one another
(Galton 1889; Ross/Homer 1976). More recently, political scientists have taken up
this notion and modeled interdependence in fields as different as, for example,
democratic transitions (e.g. Starr 1991; Starr/Lindborg 2003; Gleditsch/Ward
2006; Brinks and Coppedge 2006), tax competition (e.g. Wilson 1986;
Zodrow/Mieszkowski 1986; Swank 2006), foreign economic policies (e.g.
Simmons/Elkins 2004; Martin/Schneider 2007), environmental policies (e.g. z.B.
Prakash/Potoski 2006; Daley/Garand 2005), and health policies (e.g. Martin
2009).

These and other works of the diffusion variant share a common understanding
of interdependence: Units are linked by some measure; this link can vary in
degree according to the theory underlying its construction. The most common
approach for linking units is by geographic proximity of some sort, for instance a
shared border. The assumption behind such a link is that units influence each

other more the closer they are to one another. Or, as “Tobler’s first law” states:



“Everything is related to everything else, but near things are more
related than distant things.” (Tobler 1970: 236).

Of course, “closeness” need not be expressed in terms of geographic proximity.
For instance, cultural similarity has been used in accounts that use policy learning
as a diffusion mechanism (e.g. Meseguer 2005; Levi-Faur 2005). In
Martin/Schneider (2007) we employ trade weighted averages of trade
restrictions in other countries to model interdependence in trade policy making.
Here, states are “closer” to one another if they have closer trade relations.
Lawrence Grossback et al. (2004: 521) are blunt in their notion of what diffusion
theory is about and provide the following (wrong) rule for constructing links
between units: “Diffusion theory rests on the idea that states learn from one
another and, in particular, from states that share similar attributes.” (emphasis
added). Their rule is wrong because which link is used to model connectivity
between units is a matter of theory and depends on the specific issue area being
studied. Therefore, while “learning” may be an adequate diffusion mechanism
and “similarity” appropriate for modeling closeness in such a context, it cannot

be used as a general rule for constructing connectivity.

There is, however, an important caveat to modeling policy choices as
interdependent. Even though policies may be similar in different jurisdictions,
these policy choices may have an underlying common cause instead of being
brought about by unit interdependence - Galton’s problem reversed. In the
words of David Levi-Faur (2005: 23):

,In other words, what may on the surface look like a diffusion process (a

forest of umbrellas in rainy day) is not necessarily driven by mechanisms
of diffusion.”

Rob Franzese and Jude Hays (2006; 2007; 2008) have argued that one of the more
important issues in modeling interdependence is to distinguish between
common exogenous shocks that may entice a similar reaction and actual
interdependence. To do so requires carefully modeling domestic influences and

circumstances that are common to all units or a subgroup of units. Alternatively,



researchers might add period and/or unit dummies to conservatively control for

common trends and shocks in their data.

Four modes of policy diffusion

It has become standard practice in the literature to distinguish between four
modes of policy diffusion, namely competition, learning, coercion, and imitation.
All four mechanisms rest on externalities that transcend jurisdictional limits (e.g.
national borders) and cause unit interdependence. Two early classics in the field,
for instance, deal with information externalities between US cities (Crain 1966)
and US states (Walker 1969). Walker argues that state governments are
interested in minimizing information costs. Therefore, when deciding on
adopting policies, they draw on experiences made in other states. According to
David Dolowitz and David Marsh (2000), the importance of such positive
informational externalities has increased over time:

. [...] policy-maker increasingly look to other political systems for knowledge

and ideas about institutions, programs and policies and about how they work
in other jurisdictions.” .“ (Dolowitz/Marsh 2000: 7).

Here, I will focus on externalities that are brought about by information spill-
overs in learning processes. Although my model of stealth diffusion can in
principle be applied to all four modes of policy diffusion, the gist of the argument
is easiest to grasp when focusing solely on information externalities. The

computational model presented below takes this into account.

Even though policy learning commands a prominent place in the literature on
policy diffusion and policy interdependence, the accounts presented within that
diffusion paradigm focus almost exclusively on cases of policy success. Note that
I refer to “success” and “failure” in a different way than Dolowitz and Marsh
(2000) do. In their paper, policy failure means the “uninformed”, “incomplete” or
“inappropriate” transfer of policies (Dolowitz/Marsh 2000: 17-20). By contrast, I
use “failure” to describe a policy that was implemented in jurisdiction i but failed

to achieve its goal. Policy makers in jurisdiction j (j = i) observe that failure and



are accordingly less prone to implement such a policy. Note that this argument
does not require policy makers to act as benevolent maximizers of societal
welfare. Rather, failure to achieve a goal can well mean failure to achieve a

political goal, for instance, survival in office.

With information spill-overs present and learning taking place there is no reason
to assume that only successful policies are “diffused” across jurisdictional
boundaries. Rather, policy failures should be equally observable and make
adoption of such policies less likely or - if the same or a similar policy is already
in place - its abandonment more likely. Such a scenario requires actors who are
less than perfectly informed, but this is true for positive diffusion through

learning as well.

In the next section, I will present a model of policy diffusion that explicitly takes

into account the possibility of stealth diffusion.

3. The model

Policy interdependence and ensuing processes of policy diffusion are ideal
candidates for computational models because of their interdependent, complex,
and dynamic nature. Equilibrium points are not easily identified analytically if
they exist at all. Furthermore, the question I concern myself with in this paper
ask for the possibility for making observations in silicio because, by their very
nature and by definition, such observations are impossible to make in the real

world.

Therefore, I develop an agent based simulation model of policy diffusion where
policies are adopted or not adopted according to different assumptions. Basically,
there are three scenarios of policy adoption: In the first scenario, jurisdictions
adopt policies according to a random process (“random adoption”). This is the
baseline setting and corresponds to a situation where units are independent from
each other. In the second scenario, units take into account the implementation

decision of other units. Specifically, the decision of an adjacent unit to adopt a



policy increases the likelihood that the unit under observation will adopt that
policy as well. This is the classic case of policy diffusion based on positive
outcomes. I refer to this scenario as the “positive diffusion scenario”. It is in the
third scenario that I model a variant of “stealth diffusion”. Here, adopted policies
are assumed to be unsuccessful. Furthermore, it is assumed that adjacent units
can observe that policy failure. Therefore, the implementation of a policy in the
neighborhood decreases the probability of adoption in a focal unit. Furthermore,
after a certain time (see below) jurisdictions that have implemented such a failed
policy abandon it.

I/} I AwTs

Jurisdictions (“units”, “agents”, “cells”) are located on a torus to avoid end point
problems. The graphic representation of such a structure resembles a donut. To
make the model more readily accessible, it is here presented as a two-
dimensional grid. Figure 1 shows a screen shot of the main model window with
13 x 13 = 169 jurisdictions. If there is a policy in place in a jurisdiction at the time
step under observation, that jurisdiction is painted green. If there is no policy, it
is black. Note that because of the torus structure, the cells in the leftmost column

are adjacent to the cells in the rightmost column. Likewise, the top row borders

the bottom row.

<< Figure 1 about here >>

I conduct a number of computational experiments in each of the three scenarios.
Each experiment consists of a number of iterations which represent the time
steps. There are a number of parameters that are varied across experiments. This
produces the variance in the artificial data necessary to gauge their impact on
outcomes. Table 1 gives an overview of parameter ranges and how parameters

are employed across scenarios.

<< Table 1 about here >>



Each unit is in one of two states at every step of the experiment: It is either “On”
or “Off”. The “On” state is interpreted as the state in which a unit has adopted a
policy, while in the “Off” state, the unit has no policy in place. Note that in the

interest of simplicity, there is only one policy.

Scenario 1: Random adoption of policies

In the first scenario, policies are adopted by random. At the beginning of each
experiment, a random parameter p (0= p<0.2) is drawn from a uniform
distribution which determines the probability of a jurisdiction adopting a policy if
it has not already done so. If the jurisdiction already has a policy in place, nothing
changes. In each iteration, every cell is considered. One experiment lasts until all

cells have a implemented a policy. The probability of an individual cell being

filled at time step tis given by p(1! p)’, where p is the probability of adoption.

<< Figure 2 about here >>

Figure 2 depicts the development over time in 10 experiments. Note that the
number of iterations varies across experiments since every experiment lasts until
all jurisdictions have implemented a policy. The graphs depict the number of
jurisdictions that have implemented a policy at each time step. Unsurprisingly,
the graphs are steadily increasing functions of the time steps. Their steepness is

determined by p with higher p’s resulting in steeper graphs.

Scenario 2: Positive diffusion

In the second scenario, jurisdictions again are assigned a random probability p

(0! p<0.2) to adopt a policy at any given time step, as in scenario 1. Now,



however, they also consider the state of their immediate neighbors. A cell looks
to all 8 adjacent cells (“Moore neighborhood”). Each cell in this neighborhood
that has implemented a policy increases p for the focal cell by 0.1. Note that this
results in a less than perfectly determined policy adoption since even in the case
where p is at its maximum and all 8 neighbors have implemented policies, the
probability of adopting a policy at any given time step is less than 1 (of course,
the probability of adopting a policy reaches 1 if an infinite number of time steps

is considered).

<< Figure 3 about here >>

The development over time can be seen in figure 3. This is a familiar pattern
from diffusion research: Cumulative functions of policy adoptions are s-shaped
in time. The rate of adoption accelerates at the beginning before leveling off in
the later stages of the experiments. Note that the number of iteration it takes
until all units have implemented policies is dramatically lower than under
scenario 1. This is because of the positive feedback between units and the
ensuing acceleration of adoption rates. Note also that - as in scenario 1 - the
cumulative numbers of jurisdictions that have implemented policies are steadily

rising since there is no provision in this scenario to abandon policies.

Scenario 3: Stealth diffusion

In the stealth diffusion scenario, as in the positive diffusion scenario, cells take
into account the state of their (Moore) neighboring cells. This time, however, it is
assumed that policies implemented elsewhere have failed and thus make it less
likely that a cell bordering a cell with such a policy implements that policy itself.
Specifically, the random probability of adoption p (0= p<0.2) can become as
low as zero if all 8 neighboring cells have implemented policies. Additionally, a

cell that has implemented a (by definition unsuccessful) policy abandons that
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policy after a predetermined time interval of 10, 20, 30, 40, 50, 60, 70, 80 or 90
time steps. This time a until abandonment of an implemented policy varies

across experiments.

<< Figure 4 about here >>

Figure 3 shows the development over time for the stealth diffusion scenario.
Unlike in the other scenarios, the number of iterations is fixed to 1000 since with
the assumptions built into the model, a situation in which all units implement a

policy is a) unlikely to emerge and b) uninteresting.

Observe that the amplitude and frequency of the implementation graph depend
on the abandonment parameter a. This can becomes even clearer from figure 5
in which two experiments with a = 10 and a = 90 are compared (p is 0.150 and

0.169, respectively).

<< Figure 5 about here >>

The most important observation comes from comparing the random adoption
scenario with the first couple of iterations in the stealth diffusion scenario:
Especially if the abandonment parameter a is high, as in figure 6, random
adoption and stealth diffusion are virtually indistinguishable until policy
abandonment sets in. Note that already in this beginning stage, learning from
policy failure in other jurisdictions takes place. Nonetheless, because it only
reduced the baseline probability of policy adoption, the results are quite similar
to the random adoption scenario. It is only over a longer time frame and under
the assumption that unsuccessful policies are abandoned eventually that we

observe the distinct patter of policy implementation waxing and waning.
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<< Figure 6 about here >>

4 Discussion and conclusion

This paper has used an agent based computer simulation to model a situation
where policy interdependence is present but distinct results of interdependence
can be difficult to observe directly. As such, the model should be understood as a
tool to guide empirical research in the sense that it suggests patterns to look for
in real world data where stealth diffusion is suspected. At the same time, the
simulation used in this paper has made clear that under certain circumstance
random adoption of policies and processes of stealth diffusion can be hard to
distinguish. In light of this finding, researchers might find it useful to supplement
large-N studies with in-depth case studies about decision making processes and

how they are influenced by failed policies elsewhere.

Of course, the simulation rests on a number of critical assumptions. For one, it is
unclear whether there is anything like a random probability of policy adoption.
At the very least it would be interesting to explore the impact of assuming
varying probabilities across jurisdictions. This could reflect different
circumstances, specific to jurisdictions. In the interest of clarity, it was omitted for
this first draft. Secondly, it would be interesting to vary the degree to which
jurisdictions react to failed policies elsewhere. As it stands now, the impact of a
failed policy is uniform on all jurisdictions surrounding the unit that has
implemented the failed policy. Finally, the assumption about connectivity
between units could be varied. Especially where information spill-overs are
concerned, connecting units only by spatial proximity could be questioned. A
more promising approach would be to endow jurisdictions with a “memory” so
they could be connected according to their reputation as policy pioneers or

whether they have implemented failed policies in the past.
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Figure 1: Screenshot of the main model window with 13x13 jurisdictions
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Figure 2: 10 experiments with random adoption of policies
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Figure 3: 10 experiments with policy adoption based on “positive diffusion”

17



250
|

200
|

150
1

Number of jurisdictions with policies
100
1

p=0.133/a =50

p=0.0237/a=90

p=0.0125/a=20

I
0 200 400

Iteration

I
600 800

Figure 4: Three experiments in the stealth diffusion scenario

18

I
1000




600
1

400
|

Number of jurisdictions with policies

200
|

sttt At o e A b

T T T
0 200 400 600 800 1000
Iteration

Figure 5: Two experiments (stealth diffusion) with a= 90 (upper line) and a=10 (lower
line)
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Figure 6: The first 89 iterations of four experiments in the stealth diffusion scenario
where a=90.
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Range across | Used in scenarios
experiments

Number of jurisdictions | 16 - 576 (4> - 24?) 1,2,3

Random probability of | 0< p<0.2 1,2,3

adopting a policy (p)

Time until unsuccessful

policy is abandoned (a)

10, 20, 30, 40, 50, 60, 70,
80, and 90 time steps

3 (Stealth diffusion)

Table 1: Parameter ranges and variations
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