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Tom Bauermann, Michael Roos, and Frederik Schaff1

POSA: Policy Implementation  
Sensitivity Analysis 

Abstract
Agent-based computational economics (ACE) is gaining interest in macroeconomic research. Agent-based 
models (ABM) are increasingly able to replicate micro- and macroeconomic stylised facts and to extend 
the knowledge about real-world economic systems. These advances allow ABM to become a valuable 
and more frequently used tool for policy analysis in academia and economic practice. However, ACE is a 
rather complex approach to already complex investigations like policy analyses, i.e. the analyses on how 
a variety of policy measures affects the (model) economy, which makes policy analyses in ABM prone to 
critique. The following research paper addresses these problems. We have developed a procedure for policy 
experiments in ACE which helps to conceptualise and conduct policy experiments in macroeconomic ABM 
efficiently. The procedure makes policy implementation decisions and their consequences transparent by 
conducting what we term the policy implementation sensitivity analysis (POSA). The application of the 
procedure produces graphical and/or numerical reports that should be included in the appendix of the 
original research paper in order to increase the credibility of the research, similar to proofs and protocols 
in analytical and empirical research.
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1 Introduction

Agent-based computational economics (ACE) is used more and more often in macroeconomic

research (Richiardi, 2017). Agent-based models (ABM) are increasingly able to replicate styl-

ized facts on the micro- and macroeconomic level(e.g., Dosi et al. (2006) and Caiani et al.

(2016)) and to extend knowledge about real-world systems due to representing the hetero-

geneity and interdependence of real-world agents within the model (LeBaron and Tesfatsion,

2008). These advances allow ABM to become a valuable and more frequently used tool for

policy analysis in academia (i.e., (Tesfatsion, 2001),(Dawid and Fagiolo, 2008) and (Dawid

et al., 2018)). Such models are used to show how the economy is affected by the introduc-

tion of a certain policy, for example a new labor market regime (Dosi et al., 2018) or a new

tax (Cincotti et al., 2012). Furthermore, ACE can be used for policy analyses in economic

practice (Baptista et al., 2016).

However, ACE is a rather complex approach to already complex investigations like policy

analyses. As in political reality, policy experiments often consider many simultaneous

changes in the model, i.e. a bundle of changes in the parameters or behavioral rules. Authors

have to reduce the complexity of policy analyses when presenting the results in a research

paper and sometimes also when conducting the analyses. Accordingly, policy scenarios are

defined and analyzed in policy experiments as a set of unambiguously defined policy para-

meter levels and their changes. The downside of this general practice is that it becomes

difficult for the readers, including academic reviewers and political practitioners, to judge

how the concrete implementation of the policy was chosen and whether slight variations in

the implementation or the underlying model would change the results of the policy exper-

iment. Thus, the complexity of ABM and the necessary strategies to cope with it make it

prone to criticisms like the lucky parameter configuration (Dosi et al., 2018), which states

that simulation output is the result of a ”lucky configuration” of the underlying paramet-

ers, or at least very sensitive to the implementation choices which are often opaque to the

reader/reviewer (Edmonds and Hales, 2003).

In the following, we develop a procedure for policy experiments in macroeconomic ACE.

The procedure makes decisions on the implementation of the respective policy in a research

paper, as well as the robustness of the implemented policy and the consequences of altern-

ative policy scenarios (i.e. alternative parameter changes), transparent by conducting what

we term the policy implementation sensitivity analysis (POSA). The procedure can be rig-

orously carried out and with reasonable effort. The application of the procedure produces

graphical and/or numerical reports that should be included in the appendix of the original

research paper in order to increase the credibility of the research, similar to proofs and pro-
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tocols in more traditional analytical and empirical research. It should be noted that the

aim of this paper differs from the literature on design protocols (e.g., ODD (Grimm et al.

(2010) and Laatabi et al. (2018)) or the Dahlem protocol for economic research (Wolf et al.

(2013)), sensitivity analyses (e.g., Campolongo et al. (2011)) and design of experiments (e.g.,

Montgomery (2017) and Lorscheid et al. (2012)). We neither want to provide guidelines on

how to present and describe ABM nor provide tools to get a better understanding of the

underlying model. Our aim with POSA is to balance the two objectives. On the one hand, it

should make the underlying implementation decisions for the policy (experiment) and their

impact on the results of the experiment transparent. On the other, it shows how to reduce

the complexity of policy experiments in large-scale macroeconomic agent-based models to

keep efforts manageable in providing transparency. In other words, POSA does not reduce

the complexity of macroeconomic ABM, but addresses the complexity of the policy ana-

lyses. POSA seems to be important, since ACE is attracting a lot of interest not only from

academic macroeconomists, but also from the public authorities (Turrell (2016) and Laliotis

et al. (2019)). Further, approaches like POSA contribute to debates about the uncertainty

in policy analyses (Steinmann et al., 2020). To the best of our knowledge, similar procedures

have not yet been proposed in the literature. The remainder of this paper is organized as

follows. Section 2 of this paper describes goals and the underlying concepts of policy ana-

lyses, as well as POSA. Section 3 presents the individual steps for the procedure. In section

4, we provide a short summary. Finally, in the appendix of this paper (section A), the POSA

procedure is illustrated using an example. We provide a practical illustration by using it on

the model of Bauermann (2020) (section A.1).

2 Goals of the policy analysis

In what follows, we define a policy as a specific real-world policy (policy measure), e.g. taken

by the government or a changing behavior by another class of agents, that can be implemen-

ted with different levels of strength. Each policy is related to a set of policy parameters which

are supposed to affect the policy target. The literal meaning of a strong (weak) implementa-

tion is that the set of policy parameters as a whole is strongly (weakly) tuned in the direction

that is expected to favour the policy target. Here, expected refers to the expectations of the

initiators of the policy, e.g. by political decision takers, not necessarily the actual direction

of the policy target. The number of the parameters and their individual implementation

strength make the policy analysis complex. As will be shown later in details, a major ele-

ment in reducing the complexity is to fix the mapping of the individual policy parameters on

the scale from a weak to a strong implementation. In short, a policy is a specific set of policy
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parameters with a fixed mapping from weak to strong implementation. A policy scenario, or

scenario, is a specific policy with a specific implementation strength. The goal of the policy

analysis is to analyze (potential) real-world policy scenarios1 by simulating them in the mac-

roeconomic ABM. We can identify two main tasks that are related to the implementation of

a real-world policy in an ABM. First, instead of finding the optimal policy, researchers can

present and analyze the spectrum of potential implementation strength levels. Structured

simulation experiments need to be conducted that allow the identification of the correct im-

plementation of the real-world policy without adjusting the implementation to some kind of

desired outcome. Second, researchers select from this spectrum of potential implementation

strength levels for later in-depth analysis in the paper and provide criteria for the selection.

The decisions taken to identify the correct implementation of a policy need to follow sci-

entific criteria, and this needs to be conveyed to the audience, i.e. other scientists and policy

makers.

The aim of POSA is to provide a convenient, yet scientifically rigorous procedure to deal

with these two tasks when the policy is implemented in an ABM. The following sections

will explain the POSA procedure in detail. An additional third task related to the policy

implementation is to test and guarantee the robustness of the POSA procedure when we

account for the uncertainty that is present in the model already. We will briefly discuss this

task in the final subsection 3.5.

3 POSA: policy implementation sensitivity analysis

In the following sections, we will lay out the policy implementation sensitivity analysis

(POSA). The individual subsections represent the steps of the POSA procedure. Figure 3

on page 14 provides an overview over the procedure.

3.1 Prerequisites and preliminary notes (preparatory step)

We assume the agent-based macro model to be fully specified, analyzed (e.g. sensitivity

analyses) and calibrated to the baseline parameter setting, i.e. before the above-mentioned

policy is implemented/introduced. Further, the real-world policy that needs to be imple-

mented is sufficiently complex, i.e. it is a portfolio of various (singular) policy parameter

changes. A single policy parameter can be a single continuous parameter, for example, the

(level of) unemployment benefits or the tax rate. It can also be a parameterized set of differ-

1 We refrain from calling them predictions, as we consider ABM to be tools to explore potential scenarios
without putting forth probabilities in the traditional sense of predictions.

3



ent categorial mechanisms, for example, switching from a tax regime to quantity regulation

in foreign trade, or switching between various investment strategies on the asset market

(Chakraborti et al., 2011). The term mechanism also includes behavioral rules (Dawid and

Delli Gatti, 2018).

If there are only very few parameters, traditional factor variation can be used conceptually

similar to comparative statics in general equilibrium models despite the fact that a descript-

ive approach is taken (see e.g. (Schaff, 2016, part 3)). As a rule of thumb, there should be

more than three policy parameters present and the scale of measurement of these parameters

should be at least ordinal, but not categorial. With up to three parameters, the complete

space of potential policy implementations can easily be visualized in a single graph (or set

of graphs, differing for the categorial variable) and thus analyzed and evaluated without

the need to further reduce the complexity. If a policy can be implemented with different

mechanisms, which implies a categorial ”switch” variable like, for example, switching from

a tax regime to a quantity regulation in foreign trade, each mechanism (or combination of

mechanisms) is a variation of the policy and should be treated as a potential policy on its

own. The POSA procedure should be applied to each such variation.

The main idea of the POSA procedure is to define a set of policies (it can also be only one

policy) whereby each policy can be varied on a scale from a weak to a strong implementation

according to external sources. The authors of the policy experiment need to be able to define

a weak and strong implementation value for each policy parameter, as well as the way it

changes continuously from a weak to a strong implementation. The policy needs to reflect

the description of the policy in the real world, i.e. a party program (e.g., a proposed change

in the social security system) or regulations that are in place but not yet triggered (e.g.,

(automatic) stabilization mechanisms, which are activated when a recession occurs).

Before the POSA procedure can be implemented, we have to define the criteria on which the

correct implementation strength (for later in-depth analyses) is selected. The criteria must

be specified externally and laid out prior to the analysis. By defining the criteria prior to

the analysis, based on some external criteria, potential criticism aimed at the selection of the

scenarios, i.e. aligning the simulation, can be addressed. ABM research is in this respect not

different from empirical research. If the goal is to explore the consequences of a hypothetical

policy in the theoretical model, the data gathering process has to be defined prior to the

act of data gathering, which, in case of an ABM, is running the actual simulations with the

specified, i.e. calibrated/estimated, model. The problem is that the policy implementation

itself needs to undergo some kind of calibration process itself. Thus, there is the danger (or

appeal) of adjusting the policy implementation in such a way that a desired outcome will

show up. For example, counterintuitive results are often desired because they imply a high
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relevance for the research conducted. Some potential criteria for selecting the strength of

the policy implementation are:

Descriptive implementation strength

Select the point on the implementation strength scale, i.e. from a weak to a strong

implementation that is close to the real, i.e. planned, policy.

Optimistic implementation strength

Select the point on the implementation strength scale that is expected to yield the

most favourable results with respect to the policy target.

Pessimistic implementation strength

Select the point on the implementation strength scale that is expected to yield the

least favourable results with respect to the policy target.

The comparative effectiveness of the set of policy scenarios, i.e. the effect of a single policy at

different levels of the implementation strength on the (model) economy, needs to be evaluated

with output measure y, which can also be an index measure composed of several measures.

More precisely, the specific output measure y can be identical to the (above-mentioned)

policy target and additional measures if the potential side effects of a policy matter.

Further, the researchers have to decide at which point in (model) time the policy imple-

mentation starts and when the measurement of y ends. The time when the measurement y

is taken reflects the type of simulation model with respect to its interpretation of time. In

general, two kinds of simulation can be distinguished: terminating and steady-state (non-

terminating) simulations (Alexopoulos, 2006; Law, 1980, 2015). First, in the case of a ter-

minating simulation, the quantities of interest are defined relative to the interval of simulated

time [0, TE], with TE being the time that a specified event E occurs, a possibly degenerate

random variable. Second, in the case of a steady-state simulation, the quantities of interest

are defined as limits, as the length of the simulation goes to infinity. Since there is no natural

event to terminate the simulation, the length of the simulation is made large enough to get

”good” estimates of the variables of interest (Law, 1980), i.e. the output measures.

The objective of a steady-state simulation is the long-run/steady-state behavior of the sys-

tem. The measurement should reflect this (stochastic) state and needs to be conducted after

the burn-in phase, considering a sufficiently long observation period that the stationary dy-

namics are covered in an unbiased way (Law, 2015). An example would be a change in

the long-run unemployment rate in the model economy. If the model can be considered a

non-terminating simulation, i.e. the interest lies within the limit (stationary) distribution,
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it has to be guaranteed that the limit state is actually captured by the measurement period.

The objective of a terminating simulation is not to study the long-run behavior of a sys-

tem, but the system at a specific event. This implies that simulation time is comparable to

real time, although not necessarily in an absolute manner. An example would be the time

that is necessary to recover from a recession. In this case, when the system is in a steady

state, the interval in which the measurement is taken, e.g. the first year after the policy

is implemented, and the aggregation method, e.g. the maximum or the mean, need to be

specified.

3.2 Definition of scenarios

Once the preliminary steps (section 3.1) are completed, the real world policy description

needs to be translated into the model language as it will be shown in the following steps,

before the policy implementation sensitivity analysis (section 3.3) is done:

Policy factors/parameters

The policy factors, i.e. the model parameters that are manipulated by the policy, are

defined as a subset of the total number of parameters of the model. Let us call the

subset of policy factors x = {xi, . . . , xn} with a total of n factors.

Individual implementation strength

For each policy factor, the weakest realistic implementation strength xi and the strongest

realistic implementation strength xi are defined. A strong (weak) implementation

strength is associated with the expectation of a strong (only weak) effect in the desired

direction of the policy target. The modeler also needs to decide on extreme values for

each policy factor, i.e. extremely weak xi and extremely strong xi. xi and xi are as-

sociated with the underlying case (for example a specific country), i.e. there might be

constraints to go above/ fall below these values. xi and xi are extreme values which are

possible in general but unrealistic for the underlying case. It should be noted (again)

at this point that a weak or strong policy is associated with the expectation under-

lying the real world policy, for example a party program, not necessarily the actual

(degree of) attainment of the policy target. The actual (degree of) attainment of the

policy target is, in the model and in the real economy, ex ante unknown, which is also

the reason for the policy analysis. It should be further noted that the gradient of xi

can be positive or negative depending on the expected relationship between the policy

parameter and the policy target.2

2 For example, the reader should assume a positive relationship between unemployment and unemploy-
ment benefits, and a negative one between unemployment and search efforts as in Pissarides (2000). A
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Global implementation strength

We introduce the global parameter s ∈ [0, 1] to characterize the implementation

strength from the theoretically weakest (s = 0) to the theoretically strongest (s = 1)

policy implementation strength. It serves as a mapping for the individual parameter

strength level to a (global) policy implementation strength. We divide this interval

into three line-segments, [s, s), [s, s], (s, s] with an arbitrary number K = 21 of evenly

spaced design points such that s = 0, s = 0.25, s = 0.75, s = 1.0. The left interval,

i.e. [s, s), and right interval, i.e. (s, s], are attributed to only theoretically relevant ex-

treme levels for the individual policy factors, whereas the main focus is on the behavior

in the interim interval, [s, s]. s, s, s, s are four of the mentioned 21 design points.

Individual strength mapping

For each policy factor xi, we define a mapping xi(s) = xi → s such that xi(s) = xi and

xi(s) = xi, and xi(s) = xi and xi(s) = xi, and a monotonous (discretized) mapping

from the weakest to the strongest implementation. The discretization allows us to

consider ordinal variables together with discrete and continuous variables. The exact

shape of this mapping has to be decided by the modeler with the specific policy in

mind, but also considering the resulting global mapping. The reader should note that

we recognize that complex interactions between the policy parameters, and between

the policy parameters and the policy target (other than monotonous) are possible. A

typical policy does not consider this relationship, however. The complex interactions

are rather part of the sensitivity analyses to explore the model before policy analyses

are carried out.

Border case mapping

The selected criteria, including the optimistic, sO, and pessimistic, sP, implementations

(section 3.1) should at best also lie within the interim continuum from xi to xi and

not at the border, that is s � s � s ∀s ∈ {sO, sP} is desired. The same is true for

potential other criteria not discussed. However, this cannot be known in advance and

the selection of the border cases for the individual policy factors, i.e. xi and xi, should

be based on the data alone and fixed prior to the analysis.3 Therefore it is important to

also cover unrealistic policy options by extrapolating the single policy factors towards

their perspective theoretical extreme positions at the weak and the strong spectrum.

policy targeting a reduction in unemployment would assign the parameter unemployment benefit a negative
gradient and the parameter search activity a positive gradient.

3 If all the theoretical extremes are the same as the realistic borders, treating border cases can be omitted.
In this case, it might be more descriptive to refine s = 0 and s = 1.
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Global strength mapping

The combination of the individual policy strength mappings for all xi results in a global

matrix X(i, s), where each row represents a single policy factor xi and each column

represents the global implementation strength s. The individual strength mappings

may need some refinement as to allow that all strength levels of interest, e.g. the

descriptive implementation strength level (s = sD) from actual policy, is represented.

Figure 1 provides an example with five parameters. Four parameters are continuous and

one is discrete. The parameters are already mapped to the global implementation strength

(xi(s) = xi → s). The rectangular represents the practically relevant implementation levels,

i.e. what was called realistic levels (xi to xi). The areas to the left and right represent the

theoretical limits for the sensitivity analysis (xi at strength level 0.0 and xi at strength level

1.0). The five policy parameters at one strength level (e.g. xA = ... = xE = 0.2) mark one

policy strength level (global implementation strength mapping), i.e. a specific policy scenario.

As noted in section 3.1, similar steps can be carried out for behavioral rules.

3.3 Conducting the implementation sensitivity analyses

We can now analyze the effect of the implementation strength of the policy on the output

measure y for each policy mapping y
s← X. We call this effect the implementation sensit-

ivity, as it quantifies the effect that the specific choice of strength has on output measure y

given the mapping implied by the matrix X. The implementation sensitivity analysis relies

on the following setting:

• Sections 3.1 and 3.2 defined the setup to take out the simulations for the implement-

ation sensitivity analysis, i.e. the simulations of the policy at various strength levels.

We selected a fixed baseline parameter setting (i.e. the calibrated model), the output

variable and type of simulation. The number of factor combinations is equivalent to

the number of different strength levels of policy s, which we call parameter K (section

3.2). The policy parameters at one strength level define one policy scenario.

• Now, we select a suitable Monte Carlo sample size m for each strength level, such

that the variance within each level of s is sufficiently stable. A suitable size has to

be determined as usual. A general rule of thumb is to use m = 10 × n as an initial

sample size (Loeppky et al., 2009), where n is the number of policy factors, and then

adjust the size upwards if a screening implies that there is too much variance within

the sample. Accordingly, the whole experiment will be conducted on the K×m design

point matrix.
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Figure 1: Example of a POSA design point matrix with K = 21 and 5 policy parameters
(A-E)

Source: Own presentation.
Description: The parameters are already matched to the implementation strength on a 0-1 scale. The grey
rectangle contains the realistic values with xi and xi being on the lower and upper border. The border cases,
i.e. xi and xi, are assigned to 0.0 and 1.0 respectively. We chose 21 strength levels (K=21). The assembly of

all parameters (A to E) at their strength level (s) (e.g., xA = xB = xC = xD = xE = 0.2) marks one policy
scenario, a policy at a certain strength level.
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• We reduce the variance between the levels by using common random numbers for

all levels of s (Schruben et al., 2010). Although the effectiveness of this step is not

guaranteed, it does no harm in this setting.4

The next step is to conduct the simulation experiment for each policy, resulting in a two-

dimensional m×K-matrix Y where the column vectors Yk correspond to the factor levels,

i.e. m-times the output variable y at policy strength level K. We suggest analysing the

results with a graphical representation such as in figure 2, using the variable s as a factor

and depicting the output values, using both, a scatter- and a violin plot with a box plot.

3.4 Selecting the policy scenarios (for further analysis)

Beyond the background of POSA, the researcher can now select the specific policy scenarios,

i.e. policies with given implementation strength s, which is the policy scenario that should be

analyzed and presented in the main part of this research paper. No matter on what criteria

the selection is based on (section 3.1), it is now transparent. Reviewers, policy makers and

other readers who get access to the results of this analysis (e.g. in form of figures like figure

2) can judge the effect of this decision and are comforted that the decision is based on a

scientific procedure, i.e. it is rigorous, transparent and reproducible, and not an unjustified

selection, a lucky parameter configuration, or the result of only a cursory analysis.

3.5 Testing the robustness of the selected scenarios

The proposed policy implementation sensitivity analysis rests upon the assumption that

the baseline model is calibrated and tested, especially in terms of y. This implies that a

global sensitivity analysis has been performed for the calibrated baseline model and it has

been proven that it is robust against reasonable changes in the input data, i.e. the input

uncertainty. Keeping this in mind, the analyses in sections 3.3 and 3.4 face two limitations:

1) The policy implementation sensitivity analysis performed is, strictly speaking, only

valid for the exact baseline parameter setting.

2) The policy implementation sensitivity analysis is, strictly speaking, a one-factor-at-a-

time (OAT) sensitivity analysis. Even though we defined the factor s as a multitude

of factors, there is only a single fixed mapping. The limits of such an approach are

well-known (e.g. Saltelli and Annoni (2010)).

4 The effectiveness of common random numbers to reduce variance depends on the utilization of random
numbers. If the sequence of draws (i.e. the number of draws per simulation step) is also a function of the
input parameters, using common random numbers does not reduce the variance. This happens, for example,
if the number of agents depends on the policy input factors.
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Figure 2: Example POSA graphical analysis for linear, non-linear and no relationship
between strength level s and output measure y

(a) Example scatterplot for linear rela-
tionship

(b) Example violin plot for linear relation-
ship

(c) Example scatterplot for non-linear re-
lationship

(d) Example violin plot for non-linear re-
lationship

(e) Example scatterplot for an undefined
relationship

(f) Example violin plot for an undefined re-
lationship

Source: Own calculation and presentation of random draws to exemplify K strength levels and the measure
of output y.
Description: Scatter- and violin plots demonstrate a linear (figures 2a and 2b), a non-linear (figures 2c and
2d) and undefined relationship (figures 2e and 2f) between K = 21 strength levels of the policy and output
measure of y, with m = 200 common random numbers.
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We acknowledge that there is a lack of time and space (in a report or paper) that can be

attributed to the analyses like POSA. Therefore, the procedure proposed makes only use

of the baseline parameter setting (without a sensitivity range), and we limit the analysis

to a combined OAT analysis, as laid out above. This implies that the results of the policy

implementation sensitivity analysis could be different if a different baseline parameter setup

or a range of baseline settings would have been used. This is not a problem in and of itself

as long as this is clearly kept in mind and the analysis is repeated each time the baseline

model is changed.

1. Based on the results of the sensitivity analysis for the underlying model, we propose

two strategies to deal with potential criticism for issue 1):

(a) If the model is very sensitive to reasonably small variations in the input factors,

define a set of alternative baseline parameter values (alternative calibrations)

and perform the policy sensitivity analysis for each of these baseline parameter

settings, presenting the above-mentioned statistics and graphs (figure 2, section

3.3) on the overall set. This allows us to check if the results of the policy are valid

for (related) alternative settings.

(b) If the model remains robust to changes in the calibration, it may instead be

reasonable to perform the same kind of global sensitivity analysis that has been

performed with the baseline model, but now on the model with the implemented

policy scenario (i.e. for each policy scenario that was selected in 3.4). Thus, it is

possible to show whether the model maintains its robustness after implementing

the policy, which allows to generalize the findings to different settings (or not!).

2. Regarding issue 2), to test the local stability of the results derived from the POSA

with respect to the mapping x → s, for each policy parameter xi, one can define an

interval of reasonable uncertainty around the selected strength level, i.e. the selected

implementation strength (section 3.4), and conduct a local sensitivity analysis:

(a) If the policy parameters do not interact strongly with the other parameters, guid-

ance can be found in the implementation sensitivity analysis itself: Take the values

that result when varying s (see section 3.4) by one or two steps in each direction

(the number of steps depends on the sensitivity of the y to s). If the total number

of policy parameters is small, a factorial analysis is possible with 3n combinations,

i.e. matching all combinations of low, middle and high values around s.

(b) If there is reason to assume that the policy parameters interact strongly with

the uncertainty in the model parameters left over (i.e. except for the policy
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parameters), which can be tested with repeated sensitivity analyses as suggested

in the former paragraph, it may be useful to add the non-policy model parameters

to the local sensitivity analysis of 2a, despite that it increases the overall variance.

There are two potential outcomes from 2a and 2b. Either, the model’s reaction is not too

sensitive to the changes, i.e. a minor increase in the variance, but no significant change in

y. In this case, nothing else has to be done and the results of POSA are independent of the

mapping (x → s). If the model exhibits high sensitivity, further analyses of the individual

causes are necessary. Perhaps the model itself needs refinement, perhaps the translation of

the policy is problematic, or it can be concluded that in fact the effectiveness of the policy

is extremely sensitive to some issues related to the mapping of the individual factors, which

is also an important result.

At this point, it becomes obvious how POSA addresses the critique of the lucky parameter

configuration. First, the decisions on the policy implementation strength are based on rig-

orous scientific criteria set before the policy experiment was implemented rather than an

unjustified selection in its aftermath, i.e. when the effects of the implementation strength on

the output measure y were revealed. Second, by varying the strength of the policy paramet-

ers in the local stability analysis (analysis 2a of this section) the impact of small deviations

is visualized to ensure the local stability of the results for variations.

4 Summary

Agent-based simulations allow testing for how policies affect a policy target under the consid-

eration of heterogeneous agents, the macroeconomic environment and the interplay between

the micro- and the macroeconomic level. However, the complexity of agent-based models

paired with the complexity of possible policies makes the results of policy analyses subject

to criticism, e.g. that the results are due to a lucky parameter configuration. This paper

provides a procedure that accounts for this critique and improves transparency and com-

prehensibility for academic readers and (political) decision-makers unfamiliar with ACE.

We developed a procedure for policy experiments that helps to conceptualize and conduct

policy experiments in macroeconomic ABM. The procedure makes the decisions on how to

implement a policy experiment in ABM as well as the robustness of the selected policy scen-

ario and the consequences of alternative specifications transparent. The application of the

policy implementation sensitivity analysis, POSA, produces graphical and/or numerical re-

ports that should be used in the appendix of the original research paper in order to increase

its credibility. The full procedure is summed up and visualized as a checklist in figure 3.
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Figure 3: POSA checklist

Source: Own presentation.
Description: Summary of the steps of the POSA procedure.
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A Appendix

A.1 Illustration: applying POSA to an example

After we laid out the procedure in the previous sections, we apply POSA to Bauermann

(2020)’s model to improve the comprehensibility and its steps with a practical example.

A.1.1 Prerequisites and preliminary notes (preparatory step)

The model of Bauermann (2020) is a modification of the baseline model of Delli Gatti et al.

(2011). It was set up to analyze the effects of different labor market policies on unemployment

when carried out during a recession. The effects on short-run unemployment, the average

rate over periods 1 to 10 following the introduction of the policy, and on the long-run

development, the average over periods 40 to 100 following the policy, were analyzed. The

model will not be presented in details, since the focus of this paper is on the POSA procedure.

Readers are asked to consult Bauermann (2020) for more detailed information on the model.

The baseline parameter values of the model were found via indirect calibration (Windrum,

2007) to match a selection of stylized facts on the German economy between the second half

of the 1960s and the early 1990s (Fiorito and Kollintzas, 1994; Brandner and Neusser, 1992).

The robustness of the model parameter setup was checked via a nearly-orthogonal latin

hypercube sampling (NOL).5 In the following example, we want to focus on labor market

policies that affect the search efforts of unemployed, the generosity of long- and short-term

unemployment benefits and the eligibility of the latter type of benefits. In other words, these

are the policy parameters carried out in the policy analysis. As some of the most important

parameters in the labor market reforms, these parameters have been frequently targeted in

the recent decades, especially in Southern and Continental Europe (Turrini et al., 2014).

We define the strong and the weak implementation. The weak policy implementation is

supposed represent a labor market that is associated with rather generous short- and long-

term unemployment benefits, a long period of drawing short-term unemployment benefits

and low job search efforts. The strong policy implementation is associated with reduced

unemployment benefits, especially low long-term unemployment benefits, a short duration

of drawing the more generous short-term unemployment benefits and high job search efforts,

which point in the direction of the labor market reforms of the recent decades (Turrini et al.,

2014). The policy target in our analysis is the reduction in the unemployment rate. We

analyze the optimistic (policy) implementation strength, which is associated to the idea, or

5 Bauermann (2020) used an NOL to control how small deviations from the baseline parameter setup
affect central statistics. Details and the results can be found in the appendix of Bauermann (2020). For the
Python code to produce the settings, please consult: https://github.com/FrederikSchaff/DOEsimple.
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the expectations, that labor market rigidities have to be reduced to meet the policy target

(e.g., Siebert (1997)), i.e. a strong implementation. The measures of effectiveness of the

policies are the short- and long-run unemployment rates. The aim is to see short-run effects,

i.e. how long it takes until unemployment is back to its long-run value (i.e. the statistical

equilibrium (Grazzini, 2012)), and whether the long-run value changes. This qualifies the

investigations as steady-state analyses (see: section 3.1). Regarding the timing of the policy

experiment, the shift in the policy is triggered by the event of a recession. In other words, the

policy is introduced at different strength levels when the model economy faces a recession.6

A.1.2 Definition of scenarios

The policy parameters in our model, i.e. the parameters that change during the experiments,

are a) short-term unemployment benefits (UB), via changes in κshort; b) long-term unem-

ployment benefits (UB), via changes in κlong; c) the duration of the more generous short-term

UB, denoted by DUR; and d) the search efforts of unemployed, denoted by SE. Short-term

UB is defined in relation to the average wage in the economy, e.g., 55% (κshort = 0.55) of

the average wage in the baseline model. Long-term UB is defined in a similar way (i.e.

κlong = 0.4). The duration of short-term UB is defined as periods of eligibility for short-term

UB, and search efforts of the unemployed is defined as the number of applications that un-

employed agents send to firms. The baseline parameter values, before the policies take place,

are: κshort = 0.55, κlong = 0.4, DUR = 6 and SE = 7. For the above-mentioned parameters,

Tab. 1 depicts the values for the baseline parameter setup (calibrated to the German eco-

nomy between the 1960s and the early 2000s), the weakest realistic implementation strength

(xi), the theoretically weakest implementation strength (xi), the strongest realistic imple-

mentation strength (xi) and the theoretically strongest implementation strength (xi). Except

for search efforts, the values are mainly taken from OECD (2012), OECD (2014) and van

Vliet and Caminada (2012). Due to the absence of precise criteria or values, the values for

search efforts are chosen to represent significant but still plausible increases. xi and xi are

case-specific. In other words, these are plausible values for a specific country, e.g. Germany.

xi and xi are chosen on theoretical base. xi and xi are extreme values, which could appear

in theory or in some countries, e.g. κlong = 0 in Italy. Similar to section 3.2 in the main

part of the paper, we choose K = 21 (strength levels). As shown in figure 4, we map the

parameters into the global implementation strength levels (s). Section A.2 in the appendix

provides an overview of the exact individual mapping (section A.2, matrix (1)).

6 We can rely on an empirical definition of NBER (2010). Following NBER (2010), ”[...]a recession
is a significant decline in economic activity spread across the economy, lasting more than a few months,
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Table 1: Magnitudes of policy reforms

Parameter Baseline xi xi xi xi

Duration Short-term UB, DUR 6 12 8 4 1
Short-term UB(% of average wage), κshort 0.55 0.8 0.65 0.4 0.2
Long-term UB (% of average wage), κlong 0.4 0.57 0.5 0.2 0
Search Efforts, SE 7 3 3 13 13

Source: Own figure based on OECD (2012), OECD (2014), van Vliet and Caminada (2012) and own de-
scription.

Combining the individual strength mappings yields the global strength mapping (figure 4

below and matrix (1) (see section A.2; columns denote the strength level with s at the top)).

As described in subsection A.1.2 above, a policy scenario consists of four parameter values.

In figure 4, the strength of a policy is depicted by four parameter values at one strength level

s. As in section 3.2 of the main part of the paper, the shaded areas of figure 4 depict the

area of the realistic policy implementation strength levels while the white area depicts the

rather extreme implementation strength levels. For example, the weakest realistic policy is

depicted by the parameter values at strength level 0.2, which is the lower edge of the grey

area.

A.1.3 Conducting the implementation sensitivity analysis

After defining the scenarios in section A.1.2, the policy implementation sensitivity analysis

is carried out in which the effect of the policy strength on the measures of effectiveness, i.e.

the long- and short-run unemployment, are analyzed. The baseline calibration is fixed and,

as it was described above, the policy experiment starts when the economy enters a recession.

In other words, we look at how the output variables change when one of the aforementioned

K strength levels are introduced. We select a Monte Carlo sample size of 128 runs.7

Figures 5 and 6 show the short- and long-run unemployment for 128 runs per 21 strength

levels, depicted as violin plots. From figure 5, it becomes visible that the varying magnitudes

of our policy measures do not yield significant effects on the average short run unemploy-

ment. Neither the average unemployment nor the variance across the magnitudes seem to

be affected. However, the picture changes for the long-run unemployment, especially for the

more extreme strengths, i.e. the violin plots outside the grey rectangle in figure 6. Taken

normally visible in real GDP [...], employment, [...].” Accordingly, a recession in the model is identified,
when unemployment exceeds its long-run average by two times the standard deviation, more precisely 12%.

7 Via the procedure of variance stability (Lee et al., 2015), we found that the variance of the long-run
unemployment in our model (baseline parameter setting) stabilizes at 128 runs. Further simulations reduce
the variance, but not significantly. The policy experiment starts when the burn-in phase has passed and
unemployment has reached the critical value of 0.12.
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Figure 4: Strength levels for all parameters (K points)

Source: Own figure based on OECD (2012), OECD (2014), van Vliet and Caminada (2012) and own de-
scription.
Description: The horizontal axis depicts the 21 strength levels. While the left axis depicts the level of the
UB in relation to the average wage, the right axis depicts the number of applications sent per unemployed
and number of period for the short-term UB.

Figure 5: Average short-run unemployment (average over periods 1 to 10, K = 21, 128 runs)

Source: Own figure.
Description: Every violin plot depicts the average short-run unemployment for the first 10 periods following
the policy experiment for 128 runs. There are 21 violin plots since we analyze K = 21 strength levels.

18



from figure 6, a U-shaped relationship between the strength level and the long-run unem-

ployment seems to appear. Recalling that the changes in a policy are lasting, unemployment

increases, especially, for an extremely weak (s) and an extremely strong policy implement-

ation strength level (s).8 A much smaller U-shaped relationship also appears if we focus on

the more realistic strength levels of the policy experiments, i.e. the more realistic changes

(grey boxes of figure 6).

Figure 6: Average long-run unemployment (average over periods 40 to 100, K = 21, 128
runs)

Source: Own figure.
Description: Every violin plot depicts the unemployment for periods 40 to 100 following the policy experiment
for 128 runs. There are 21 violin plots, since we analyze K = 21 strength levels.

At this point, we note that the U-shaped relationship could not have been found if only a

selected scenario instead of a range of changes would have been depicted, which proves the

usefulness of this procedure.

A.1.4 Selecting the policy scenario

In this example of a policy experiment, we would like to implement policies that favour

the idea of labor market liberalization. As such, low search efforts in combination with

generous unemployment benefits are seen as the main cause of high unemployment rates in

Europe (e.g., Turrini et al. (2014), Bassanini and Duval (2006) and Siebert (1997)). More

precisely, we want to implement an optimistic implementation strength, which assumes that

the reduction of labor market rigidities lead to a reduction in unemployment. For this

8 The strong policy is denoted by a low unemployment benefits, high search efforts of unemployed
and short duration of short-term unemployment benefit eligibility. The weak policy is denoted by a high
unemployment benefits, low search efforts of unemployed and a long duration of short-term unemployment
benefit eligibility.
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purpose, the long-term unemployment benefits (κlong) are reduced to 20% of the average

wage, short-term unemployment benefits (κshort) drop to 40%, the duration of the short-term

unemployment benefits drop to four periods (DUR), and the search efforts (SE) increase

from 7 to 12 applications per unemployed and per period, which is similar to implementation

strength s̄.

A.1.5 Testing the robustness of the selected scenario

The model is sensitive to small variations in the input factors (Bauermann (2020), Appendix).

Therefore, we apply the robustness check 1a (section 3.5). We define a set of alternative

baseline parameter values (alternative calibrations) and perform the above-mentioned policy

sensitivity analysis for these alternative baseline parameter sets (see subsection A.1.3). For

this purpose, we select 128 different baseline parameter settings via a nearly-orthogonal

latin hypercube sampling (NOL).9 Table 2 shows the baseline calibration and between which

values the 128 different baseline calibrations are selected, i.e. between which upper and lower

values.

Table 2: Setting for finding alternative baseline parameterizations (via nearly-orthogonal
latin hypercube sampling)

Description Parameter Baseline value Lower values Upper values Increment
Number of firms F 100 80 120 5
Number of workers H 1668 1550 1750 10
Number of banks/aggregated banking sector Z 1 1 1 -
Number of governments G 1 1 1 -
Number of central banks CB 1 1 1 -
Price mark(-down)-up η U(0; (−)0.07) U(0; (−)0.05) U(0; (−)0.09) 0.005
Quantity mark(-down)-up χ U(0; (−)0.1) U(0; (−)0.08) U(0; (−)0.12) 0.005
Wage mark-up (if insufficient applications) δ U(0; 0.09) U(0; (−)0.06) U(0; (−)0.12) 0.005
Price mark-down (entrants) γ U(0;−0.05) U(0; (−)0.03) U(0; (−)0.07) 0.005
Reservation wage mark-down ζ U(0;−0.08) U(0; (−)0.07) U(0; (−)0.09) 0.005
Ratio lower bound reservation wage to UB ν U(0.1; 0.9) U(0.0; 0.7) U(0.3; 0.9) 0.1
Ratio: Buffer-stock savings/wage ξ 2.0 1.0 3.0 1
Wage tax τ 0.05 0.04 0.06 0.005
Factor marginal propensity to consume β 0.5 0.4 0.6 0.05
Marginal propensity to consume from excess wealth λ 0.5 0.3 0.6 0.1
Capital requirement coefficient v 0.15 0.1 0.5 0.005
Fragility weight of firm debt θ 0.4 0.2 0.5 0.1
Maximal leverage of firm accepted ι 2.0 1.0 3.0 0.5
Base (interest) rate r̂ 0.01 0.008 0.012 0.001
Percentage of firms with lowest price checked α 5% 1% 7% 1%-point
Ratio: short-term unemployment benefits
to average wage

κshort 0.55 0.5 0.6 0.05

Ratio: long-term unemployment benefits
to average wage

κlong 0.4 0.37 0.42 0.01

Maximal of (job) applications to firms M 7 6 8 1
Number of suppliers checked O 7 5 9 1
Duration of short-term unemployment benefits (periods) DUR 4 3 5 1

Description: Table 2 presents the parameters of the model and their upper and lower boundaries that the
latin hypercube design was based on.

Figures 7 and 8 show the respective graphics of the policy implementation sensitivity analyses

9 We used the same procedure as noted in footnote 5.
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for the variations in the baseline parameterizations. These figures do not differ significantly

from figures 5 and 6 above, which implies that the results are stable for reasonable (small)

variations in the underlying baseline parameterization, and that the interpretations from

above hold for such variations. Only, figures 7 and 8 show a slightely larger variance in the

output variables compared to figures 5 and 6. However, it is comprehensible given that the

parameters and not only the random seeds vary as in figures 7 and 8.

Figure 7: Average short-run unemployment (average over periods 1 to 10, K = 21, 128
baseline parameterizations)

Source: Own figure.
Description: Every violin plot depicts the average short-run unemployment rate for the first 10 periods
following the policy experiment for 128 runs. There are 21 violin plots, since we analyze K = 21 strength
levels.

Further, the local stability of the selected policy scenario derived from the implementation

sensitivity analysis is tested (2b in section 3.5). For this purpose, we apply a 3k full factorial

design (Montgomery, 2017), since the number of factors is relatively small. Based on our

selected scenario (from section A.1.4), we analyze whether small, non-linear deviations in

the policy parameters from the selected policy scenario (s̄ = 0.75) have an effect on the

results shown in section A.1.3. Starting from the model with the baseline parameter values,

the policy parameters vary discretely, i.e. κshort ∈ {0.15, 0.2, 0.23}, κlong ∈ {0.36, 0.4, 0.421},
DUR ∈ {3, 4, 5} and SE ∈ {12, 13, 14}, when the economy enters a recession. The local

stability analysis checks whether the results of a certain strength level (section A.1.3) hold

when the policy parameters vary in different directions instead of a fixed mapping. If there are

strong interaction effects between the policy parameters, changing the variations is supposed

to have a strong effect on the output measure(s) y, the short- and long-run unemployment.

Therefore, in the case of strong interaction effects, the distribution of the short and long-run

unemployment should differ between the values from the selected scenario and those of the
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Figure 8: Average long-run unemployment (average over periods 40 to 100, K = 21, 128
baseline parameterizations)

Source: Own figure.
Description: Every violin plot depicts the unemployment for periods 40 to 100 following the policy experiment
for 128 runs. There are 21 violin plots, since we analyze K = 21 strength levels.

local stability analyses.

Figures 9 and 10 show the results of the local sensitivity analyses, presented as boxplots.

Figure 9a shows the boxplot for the short-run unemployment when the policy strength s

equals 0.75, 0.8 or 0.85, all included in one boxplot. Figure 9b shows the respective boxplot,

given the above-mentioned 3k full factorial design. Comparing figures 9a and 9b, the boxplots

are failry similar to each other, which implies that variations in the mapping of the policy

parameters do not affect the results of the above-mentioned analyses (results from POSA,

section A.1.3). Only the variance of the right graph (figure 9b) is a little bit larger, but

not noticeably so. Figure 10 shows the results for the long-run unemployment. Figure 10a

shows the boxplot for the short-run unemployment when the policy strength s equals 0.75,

0.8 or 0.85, again, all included in one boxplot. Figure 10b shows the respective boxplot

for the above-mentioned 3k full factorial design. Again, the median, the first and the third

quartile do not differ significantly, which implies that variations in the mapping of the policy

parameters does not affect the results of the above-mentioned analyses (results from POSA,

section A.1.3). In addition to the graphical local stability analyses, we estimate a fixed

effects regression model as statistical local stability analyses with the random seeds being

the fixed effects (see table 3). Table 3 shows the effects of the policy parameters themselves

and in combination (interaction effects). The table shows that small (local) deviations from

the policy scenario, selected in section A.1.4, do not have a significant effect on the output

variables, which supports the graphical analyses above.
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Figure 9: Local stability analysis (short-run unemployment)

(a) Boxplot for policy implementation strength
levels s ∈ {0.75, 0.8, 0.85} (b) Boxplot for full factorial design

Source: Own computations and simulations.
Description: Boxplots 9a and 9b show the short-run unemployment, mean unemployment between periods
1 to 10 after the policy is introduced (starting from the baseline parameterization). Figure 9a shows the
boxplot for the short-run unemployment when the policy strength s equals 0.75, 0.8 or 0.85. Figure 9b shows
the boxplot for the short-run unemployment given the 3k full factorial design (i.e. κShort ∈ {0.15, 0.2, 0.23},
κShort ∈ {0.36, 0.4, 0.421}, DUR ∈ {3, 4, 5} and SE ∈ {12, 13, 14}). It depicts 81 combinations and 96 runs
(common random numbers) for each.

Figure 10: Local stability analysis (long-run unemployment)

(a) Boxplot for policy implementation strength
levels s ∈ {0.75, 0.8, 0.85} (b) Boxplot for full factorial design

Source: Own computations and simulations.
Description: Boxplots 10a and 10b show the long-run unemployment, mean unemployment between periods
40 to 100 after the policy is introduced (starting from the baseline parameterization). Figure 10a shows the
boxplot for the long-run unemployment when the policy strength s equals 0.75, 0.8 or 0.85. Figure 10b shows
the boxplot for the long-run unemployment given the 3k full factorial design (i.e. κlong ∈ {0.15, 0.2, 0.23},
κlong ∈ {0.36, 0.4, 0.421}, DUR ∈ {3, 4, 5} and SE ∈ {12, 13, 14}). It depicts 81 combinations and 96 runs
(common random numbers) for each.
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Table 3: Local stability analyses ((fixed-effects) regression analyses for small deviations from
selected policy scenario)

Dependent variable:

Short-run unemployment Long-run unemployment

(1) (2)

κlong −0.108 −2.543
(6.249) (9.539)

κshort −0.204 −1.234
(3.093) (4.721)

DUR 0.003 −0.016
(0.300) (0.458)

SE 0.005 −0.038
(0.094) (0.144)

κlong ∗ κshort 0.932 6.401
(15.769) (24.070)

κlong ∗DUR −0.051 0.160
(1.531) (2.337)

κshort ∗DUR 0.010 0.045
(0.758) (1.156)

κlong ∗ SE −0.022 0.194
(0.480) (0.732)

κshort ∗ SE 0.001 0.100
(0.237) (0.362)

DUR ∗ SE −0.001 0.002
(0.023) (0.035)

κlong ∗ κshort ∗DUR 0.026 −0.531
(3.863) (5.896)

κlong ∗ κshort ∗ SE 0.006 −0.529
(1.211) (1.848)

κlong ∗DUR ∗ SE 0.011 −0.014
(0.118) (0.179)

κshort ∗DUR ∗ SE 0.002 −0.007
(0.058) (0.089)

κlong ∗ κshort ∗DUR ∗ SE −0.021 0.052
(0.297) (0.453)

Observations 7,776 7,776
R2 0.014 0.073
Adjusted R2 0.0002 0.059
F Statistic (df = 15; 7665) 7.417∗∗∗ 39.986∗∗∗

Model fixed effects model (random seeds) fixed effects model (random seeds)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Description: Table 3 shows the effects of the policy parameters on the output variables, short- and long-run
unemployment. The model is a fixed-effects regression estimation, the random seeds are the fixed effects.
The variables follow the descriptions and notations of section A.1.1 to A.1.5.
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A.2 Global strength mapping

The global strength mapping the policy factors described as matrix

X(s) = [ ~DUR ~κshort ~κlong ~SE] =



12 0.8 0.57 3

11 0.763 0.55 3

10 0.725 0.54 3

9 0.688 0.52 3

8 0.65 0.5 3

8 0.629 0.48 4

7 0.608 0.46 5

7 0.588 0.44 6

7 0.567 0.42 7

6 0.550 0.40 7

6 0.525 0.37 8

6 0.504 0.34 8

5 0.483 0.31 9

5 0.463 0.28 10

5 0.442 0.25 11

4 0.421 0.23 12

4 0.4 0.2 13

3 0.366 0.15 13

2 0.35 0.1 13

1 0.25 0.05 13

1 0.2 0.0 13



(1)
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