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Abstract. This paper explores the use of social simulation with an open
source agent-based model (ABM) as a mechanistic and counterfactual
approach to causality and policy comparison. We argue that ABMs can
explicitly capture both the dynamics of the factual and the counter-
factual scenarios. In addition to discussing the relevant literature, we
simulate identical agents, in the same context and timeframe, with and
without treatment in different urban frameworks to highlight distinct
policy outcomes. The objective is to use an ABM that implements social
welfare and housing policy instruments as interventions, to explain how
policy instruments (the causes) affect production and inequality across
heterogeneous cities (the effects). Furthermore, we use ex post directed
acyclic graphs (DAGs) to identify the paths that affect policy responses,
and recover the ABM’s ex ante causal mechanisms. We provide recom-
mendations of best policy instruments across different cities. Our study
demonstrates how ABMs can be utilised as a mechanism-based approach
to identify and quantify complex causal relationships in public policy ap-
plications.

Keywords: Causality · Agent-based models · Public policies · Cities ·
Directed acyclic graphs (DAGs)

1 Introduction

In today’s rapidly changing world, policymakers face immense pressure to ad-
dress complex societal problems quickly. However, limited resources and the po-
tential for unforeseen outcomes from their decisions make this a challenging task.
In this context, computational modelling and agent-based models (ABMs) have
emerged as powerful tools for decision-making [4,9]. Not only do ABMs serve the
purpose of communication [11], but they also make assumptions and uncertain-
ties explicit, providing a more comprehensive understanding of the underlying
processes. Moreover, ABMs can help scientists establish causal relationships be-
tween variables [10], a critical factor in the complex urban socioeconomic context,
where identifying who benefits and who bears the costs of actions is essential.
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In this paper, our aim is to highlight the potential of ABMs in guiding urban
policymakers’ decision-making. Specifically, we demonstrate that, despite utilis-
ing the same policy instruments, mechanisms, and component entities (such as
workers, households, and firms), different policy outcomes can result from the
distinct urban frameworks of each city. ABMs offer a unique solution to the fun-
damental problem of causal inference, where we cannot observe both the treated
and untreated outcomes for the same individual simultaneously. By simulating
both factual and counterfactual trajectories for the same entity, ABMs allow
for the recovery of causal mechanisms and the identification of the total direct
effects of policies on different cities.

Accordingly, we demonstrate the causal features of ABMs and illustrate their
practical application in measuring the simulated heterogeneous outcomes of pol-
icy instruments across cities. We use an open-source agent-based model to show
that ABMs can be used to establish causality by simultaneously observing the
mechanisms and behaviour of agents, the application of policy instruments, and
their effects on different cities. We elaborate on the model mechanisms using
directed acyclic graphs (DAGs) to capture the effects of policy instruments and
to help identify causation.

The informed regression results provide reliable quantitative evidence of pol-
icy effects, while controlling for covariates and considering the model structure.
The goal is to separate the endogenous effects of the model from the city-specific
effects. By doing so, we can isolate the single effect of the policy instrument itself,
purging all the differences in outcomes. We observe that each policy instrument
affects each city differently, and ultimately aim to demonstrate which policy in-
strument is most suitable for each city along two dimensions: production and
income inequality, measured by GDP and the Gini coefficient, respectively.

From a practical perspective, the results of this exercise should provide valu-
able insights to the federal government of Brazil regarding the optimal level of
expenditure for specific policy programs, namely the "Bolsa Família" (a social
welfare payment to households) and "Minha Casa, Minha Vida" (a program that
finances the construction and distribution of houses by the central government).
By identifying which policy instruments are most effective for which city, poli-
cymakers can make informed decisions on how to allocate resources and tailor
policies to local conditions, ultimately leading to better outcomes for citizens.

2 Causality, ABMs, and policymaking

Many democratic governments strive for evidence-based policies to enhance pol-
icy performance and mitigate the impact of ideological biases on decision-making
[13]. In pursuit of ex ante evaluation of public policies, the field of causal infer-
ence is of significant interest since randomised controlled trials, which are the
standard method for recovering causal effects, may not be a practical option in
this context.

The potential outcome approach, which provides theoretical support for ran-
domisation, aims to estimate causal effects by comparing outcomes that would
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have been observed under different treatment conditions. This approach involves
defining potential outcomes for each individual under every possible treatment
condition, with the assumption that only one potential outcome can be observed.
The difference between the observed outcomes under different treatment condi-
tions is then used to estimate the treatment effect [16].

In economics, outside of the randomisation framework, causal claims have
traditionally been made using the instrumental variables approach or the "nat-
ural experiments" framework, relying on an exogenous source of variation to
identify causal effects [2]. However, it may not always be feasible to find valid
instruments or natural experiments for the situations in question. Robins and
colleagues [19] have emphasised the use of causal inference methods to draw
conclusions about cause and effect relationships in observational studies, which
are inherently limited by confounding and other sources of bias.

ABMs can be defined as a computational model environment in which agents
engage among themselves and the environment in silico, following formal rules[6].
Agent-based modelling (ABM) is a powerful tool for analyzing the impact of
public policies on social systems. Unlike traditional numerical simulations, ABMs
incorporate known or theorised mechanisms, and the interactions among entities
to derive outcomes. This makes ABMs well suited for causal inference as it
provides a more accurate representation of the real world. ABMs offer an effective
way to evaluate the impact of policy decisions on complex systems, making them
a valuable tool for policymakers and researchers.

Gianluca [10] distinguishes between two types of causality, dependence and
production, which differ in how they conceptualise mechanisms. Dependence
aligns with the horizontal view of mechanisms, which sees them as chains of
intervening variables, consistent with regularity, counterfactual, and experimen-
tal approaches described by Little [14]. In contrast, production aligns with the
vertical view, which understands mechanisms as complex systems of interacting
lower-level units that trigger higher-level outcomes. This view emphasises enti-
ties and processes, and it aligns with the "generative" approach advocated by
Epstein [6].

Not all ABMs are appropriate for causal analysis. According to Gianluca [10],
for an ABM to convey causality convincingly, it must be theoretically sound and
based on a descriptive rather than simplistic approach (see also [5]). In addition,
two other essential criteria for applying ABMs to causality are input realism and
output validation. Input realism refers to designing the model based on actual
data, space, and parameters, while output validation refers to the model’s ability
to replicate observed outcomes and be compared to data and stylised facts. Thus,
to use ABMs as a tool for causal inference, it is crucial to have a theoretically
based model that incorporates input realism and output validation.

To ensure the robustness of ABMs, basic checks and procedures should be
implemented. Sensitivity analysis is essential to confirm that slight changes in
parameters do not drastically alter or disrupt the results. Structural sensitiv-
ity analysis is also helpful for checking the model’s internal details, rules, and
mechanisms for robustness [12,8]. In addition, dispersion analysis requires a rea-
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sonably large number of runs to ensure that typical results are not fortuitous.
It is also important to have a model that is both cognitively plausible and un-
derstandable [10]. By incorporating these checks and procedures, ABMs can be
more reliable and better suited for causal analysis.

ABMs can simulate interventions in complex systems, similar to those dis-
cussed by Pearl [18]. As such, ABMs can focus on both the effects of causes
and the causes of effects. In the former case, ABMs simulate the results after a
treatment, intervention, or policy has been applied, thus conforming a "what-
if", forward approach [10]. This approach is complemented by the "why" view
of causes, which looks at the causal factors that produce an effect [20].

3 Methods

3.1 Baseline agent-based model, data

PolicySpace2 (PS2) [1] is a framework used to analyse policy questions. The
focus is on comparing social welfare and housing alternatives. Within PS2, vari-
ous agents interact in markets like labour, goods, services, housing, rentals, and
credit. The model runs monthly from 2010 to 2020, based on census tract-level
demographic and spatial data for Brazilian metropolitan regions. Agents explic-
itly interact in local markets, with sellers determining house prices based on
neighbourhood characteristics, vacancy rates, and time on the market. Buyers
make offers based on their financial holdings. Workers consider proximity to po-
tential firms, and bank loans factor in household assets, wages, and intended
mortgages.

We chose to use PS2 as our model for this causality application due to its
theoretical basis in microeconomics, well-documented support in the literature,
and detailed mechanisms. It relies on empirical input, specifically census data
on households, geolocation of firms, and spatial neighbourhoods, and has been
validated based on cumulative macroeconomic indicators and reasonable real
estate price configurations [8]. The model also presents a sensitivity analysis of
parameters and a structural analysis of rules, and the results have been averaged
over multiple runs. Therefore, we believe that PS2 fulfills the necessary requisites
for an ABM model, suited for causal analysis as suggested by [10].

We directly downloaded the open-source ABM named PolicySpace2 from its
public repository here. We then ran simulations with the original default param-
eters, exclusively varying the cities and the policy instruments. The simulation
ran from 7 December 2022 to 18 January 2023. We used an average of 5 runs,
30 times for each pair city–policy, generating a total of 34 GB of output. This
database is available upon request. The code for data preparation, the sum-
marised data, along with the figures, dags, regressions, and total effect tables is
here.

3.2 Policy instruments

The three contrasting alternative policy instruments embedded in PolicySpace2
refer to two housing and one social welfare instruments. The policy instruments

http://www.github.com/bafurtado/policyspace2
https://www.comses.net/codebase-release/93a37cf8-5de5-4362-8381-420b9b0b3fa6/
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and the default procedure of no-policy baseline are funded via endogenous col-
lection of taxes. Taxes come from all markets of the model and encompass taxes
on goods and services, and housing transactions, firms’ profits, workers’ salaries,
house financing, and house property.

These endogenously collected funds regularly fuel the per capita increase of
municipalities’ Quality of Life (QLI) index. Although the model is stock-flow
consistent, taxes are linearly transformed when invested to improve per capita
Quality of Life. QLI will also later in the model influence the house prices of
each neighbourhood, given their quality. When policies are in effect, a percentage
of these municipal funds goes to the policy instrument instead of altering QLI.
Thus, a percentage of funds collected within the model environment is reinvested
in specific policies when in effect. The baseline scenario can be viewed as an
"intervention" in which the full investment goes to QLI [8]. We will discuss
each policy instrument separately. The same percentage is applied to all policy
instruments, but the actual amount invested may vary due to the endogenous
collection of taxes.

1. Property acquisition: This instrument is modelled after the federal program
Minha Casa Minha Vida. In the model, municipalities hire contractors (rep-
resented as construction firms in the model) to build houses and maintain
a list of registered low-income households that do not own any properties.
The model reproduces the house construction process and the eligibility of
households using the endogenous distribution of household income.

2. Rent vouchers. This instrument of housing policy uses municipal funds to
provide rent vouchers for low-income households, which cover the cost of
their specific rent for a period of 24 months. The aid is only valid for the
current house arrangement. Note that if a household remains eligible and
funding is available, they may reenter the program after the initial period
ends for as long as it is deemed necessary.

3. Monetary aid. This instrument focuses on a non-spatial policy that equally
distributes all available funding to the lowest quintile of households each
month, similar to the Bolsa Família program in Brazil. The aid is provided
as a cash transfer to eligible households, which must remain within the pro-
gram’s eligibility criteria to continue receiving the aid.

3.3 Causality: Direct Acyclic Graph (DAG)

The use of DAGs in modelling helps to make assumptions explicit and guide
decision-making in selecting which variables to include in regressions. DAGs
provide a visual tool that aids in understanding the causal relationships between
variables and identifying confounding variables that need to be controlled for,
as well as colliders that should not be considered as covariates.

In our application, we use DAGs to clarify the organisation of the mecha-
nisms of PS2, allowing us to accurately quantify the results of policy instruments
and eliminate any endogenous influence from our model. The DAG synthesises
the evolution of the model’s mechanisms and informs the panel regression, which
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estimates the causal effect of the instruments on the outcome. Our main inter-
est is in observing the total effect of the policy instruments, comparing them
among themselves and against the no policy baseline case, and across hetero-
geneous metropolitan regions. This approach enables us to make valid policy
recommendations based on rigorous empirical analysis.

We analyze the relationship between covariates within the model to deter-
mine the need for controlling variables for both the GDP and Gini coefficient
outcomes. Figures 1 and supplemental material Figure 1 (here) provide visual
representations of the inner workings of the model, which are the same for both
outcomes, but differ slightly for the policy instruments. We will provide an ex-
planation of each mechanism.

Fig. 1. Proposed DAG illustrating the inner workings of the model when GDP index is
the outcome of interest and policy instruments are the treatment. Policy instruments
directly affect consumption, average QLI, and the Gini index. Population, which is
mostly exogenous, influences consumption and GDP index and, as a confounder, should
be controlled for in the regression. The dashed arrow indicates that only Property
acquisition affects House vacancy, which the other instruments do not. The analysis
controls for population effects and aims to estimate the total causal effect of the policy
instruments on GDP.

https://drive.google.com/file/d/1nwcoDoEv5PccdJy29bbBRgbkxjGYtDzq/view?usp=sharing


Policy comparisons and causality in an agent-based model 7

According to the model equations [1] and the DAG in Figure 1, the three pol-
icy instruments directly affect consumption, average Quality of Life Index (QLI),
and the Gini index. Monetary aid directly affects consumption, while the other
two instruments reduce the burden on households’ budgets by subsidising rent
payments. The fact that some households receive subsidies while others do not
also directly affects the Gini index. However, investments in policy instruments
cannot be used for infrastructure improvements, which are typically measured
by an increased QLI. Specifically, when the policy instrument is "Property ac-
quisition," house vacancy is directly affected, while this is not the case for the
other instruments.

These direct connections give rise to other indirect connections within the
model. For instance, changes in consumption affect the level of inflation, as firms
update prices in response to changes in the level of stocks. Consumption also
affects firms’ wealth, as profits from sales increase. House vacancy levels ex-
plicitly affect house prices, which are negotiated based on the size of demand
and the availability of resources from households (i.e., families’ median wealth).
Population affects both consumption and total output, and house rent levels are
negotiated around a percentage of the base house price. Moreover, consumption
helps maintain firms’ demand, thereby sustaining levels of employment and fami-
lies’ median wealth. Taxes, which fund the infrastructure and amenities captured
by QLI, are also affected by changes in consumption. QLI, in turn, reflects the
quality of the neighbourhood and brings spatial influences to house prices. Fi-
nally, consumption, families’ wealth, inflation, and house prices (for construction
firms) all influence firms’ wealth and thus total GDP.

To evaluate the effects of policy instruments on both total production and
income inequality, we included the household income Gini coefficient as an out-
come of interest. Figure 1 in supplemental material (here) represents the inner
workings of the model when the Gini index is the outcome of interest, and policy
instruments are the treatment. In this scenario, population acts as a confounder
and should be controlled for in the regression. It is important to note that when
Gini is the outcome of interest, many of the variables in the model act as suc-
cessors, indicated by lighter coloring in the figure, and do not directly affect the
total effect.

3.4 Panel regression

The construction of DAGs provides clarity regarding the need to control for
population as the only exogenous variable that could confound the results. In
addition, we utilise the panel structure of the data to investigate the heterogene-
ity of each city and measure the causal effects of various policies. This approach
yields more precise and informative outcomes for policymakers than the original
timeline indicators presented in [1].

If the data were observed rather than simulated, the methodology would be
akin to that of an observational study utilising differences-in-differences, with
covariates selected based on a DAG. However, the simulated data meets the par-
allel worlds assumption. The primary difference lies in the absence of a treated

https://drive.google.com/file/d/1nwcoDoEv5PccdJy29bbBRgbkxjGYtDzq/view?usp=sharing
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and untreated group; instead, the same individuals are treated before and after.
The unit of analysis for the regression is the cities themselves, with errors being
clustered at the city level, taking into account their unique paths based on the
policies being implemented. The policies were initiated in 2011, which represents
the second observation in the dataset. The first observation for each city repre-
sents its pre-treatment value, which is the same for all cities across the various
policy paths.

At the start of the model in 2010, actual spatial data from the Brazilian
Census is inputted into the model. The real-world spatial structure of the cities
influences the model’s evolution because its mechanisms rely on the intra-urban
location of families and jobs. This real-world spatial structure is the primary
source of heterogeneity in the variables considered in the regressions, as they
are evaluated at the city level. The panel regression framework is utilised to
implement a differences-in-differences model, which considers the causal effect
of policies as an average of all the post-treatment periods. The unmeasured initial
conditions of each city may have an influence on all periods, as well as differences
in the average effect for the period. Some of the influence of the spatial structure
is fixed in time, and is accounted for by the cities’ dummy variables.

4 Results

Based on the regression results presented in Table 1 (see supplemental material
here), the effectiveness of the three policy instruments in stimulating economic
growth can be compared. Figure 2 shows that most coefficient values for Prop-
erty acquisition at the city level are not significant and have higher standard-
deviation. Nevertheless, on average their contribution to GDP is lower than that
of the other two instruments. Specifically, Property acquisition reduces GDP by
about 50 points compared to the no policy baseline. In contrast, Rental vouchers
and Monetary aid both present positive and significant values, increasing GDP
by around 70 and 112 points respectively. These findings suggest that Rental
vouchers and Monetary aid may be more effective policies for promoting eco-
nomic growth.

Figure 2 of the supplemental material (here) confirms that the Property ac-
quisition instrument is less effective in reducing income inequality, as it clearly
increases the Gini coefficient when comparing across cities. Rent vouchers and
Monetary aid are the two most effective instruments in reducing the Gini coeffi-
cient, with a slightly higher number of non-significant Monetary aid coefficients.
Overall, according to Table 1 (here), Property acquisition does not significantly
alter Gini values, whereas Rent vouchers reduce the indicator by approximately
0.05 and Monetary aid by a little over 0.01.

The total effect values for all cities are represented by the summation of the
coefficients of each city, plus the coefficient of interaction between the city and
the instrument and the value of the average instrument. The results for GDP
and Gini coefficient are presented in Figures 3 and 4 (here), respectively. For
GDP, the total effect is positive for most cities, with higher results for more

https://drive.google.com/file/d/1nwcoDoEv5PccdJy29bbBRgbkxjGYtDzq/view?usp=sharing
https://drive.google.com/file/d/1nwcoDoEv5PccdJy29bbBRgbkxjGYtDzq/view?usp=sharing
https://drive.google.com/file/d/1nwcoDoEv5PccdJy29bbBRgbkxjGYtDzq/view?usp=sharing
https://drive.google.com/file/d/1nwcoDoEv5PccdJy29bbBRgbkxjGYtDzq/view?usp=sharing
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Fig. 2. Treatment effects of policy instruments on GDP controlling for population and
excluding São Paulo and Rio de Janeiro (see full total effect for all cities in Figure 3
of the supplemental material (here). The policy instrument of Monetary aid appears
to be the most effective for the most populous cities, but loses its advantage as pop-
ulation diminishes. Property acquisition contributes less to GDP gains and provides
more uncertain results with larger variation. Markers are transparent for p-values not
significant at 10%, and the line represents standard deviations. Despite controlling for
population, scale still seems to play a role as cities are broadly ordered by population
from left to right. Londrina is the reference city, and the no policy instrument is the
reference group. Total effects tables are included in the code link in section 3.1.

populous cities. Only three cities had total negative results for GDP: Campos
dos Goytacazes (in Rio de Janeiro state), Campo Grande (the capital of Mato
Grosso do Sul), and Teresina for the Property acquisition policy instrument. All
of the other 42 cities showed increases in GDP. Campo Grande was also the only
city that did not respond with a decrease in inequality with the application of
policy instruments, along with Campos dos Goytacazes for (again) the Property
acquisition policy instrument. All of the other cities showed significant gains in
reducing the Gini coefficient, ranging from a 0.2 decrease for São Paulo and Rio
de Janeiro to smaller reductions between 0.05 and 0.1 for most other cities.

Overall, the results suggest that policy instruments have a positive impact
on the economy and income distribution. The Property acquisition policy instru-
ment seems to have a less beneficial impact on both GDP and inequality, while

https://drive.google.com/file/d/1nwcoDoEv5PccdJy29bbBRgbkxjGYtDzq/view?usp=sharing
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Rent vouchers and Monetary aid appear to be the most effective instruments,
with some variation depending on the specific city.

5 Discussion

The analysis using Directed Acyclic Graphs (DAGs) helped to identify that the
exogenous population influence was the confounding variable that needed to be
controlled for in the model. However, it was surprising to find that even after
controlling for this variable, the GDP results (refer to figure 2) still appeared
to be roughly ordered by population. In fact, we had to exclude the two largest
Brazilian macro metropolises, São Paulo and Rio de Janeiro, from the graph to
make it easier to compare the other cities.

This finding indicates that, despite controlling for population, production
still exhibits scaling properties, which has been previously discussed by several
authors [3,15]. It appears that economies of agglomeration [7] play a significant
role in this phenomenon, confirming the scaling analysis that suggests doubling
a city’s size leads to more than a doubling of its specialisation, diversity, and
production levels.

Despite the observed phenomenon of scaling in other aspects of the city, it
seems that this scaling does not apply to the inequality that arises from the
implementation of policy instruments. This suggests that other spatial factors
within the city may be contributing to the inequality. These spatial factors are
unique to each city and are the only source of variability in our simulated data.
While we cannot identify the specific mechanisms behind these factors, we can
see that Rent vouchers and Monetary aid, which originate from different so-
cial domains (namely welfare and housing), are more effective than Property
acquisition in reducing inequality.

The results from this study offer informative and diverse insights for policy-
makers, tailored to the specific context of their city. For instance, a policymaker
from Uberlândia or Santos would notice that Rent vouchers perform compara-
tively better than Monetary aid in these cities. However, when considering the
total effect across all cities, Property acquisition consistently generates less pro-
duction and more inequality.

It is worth noting that the model used in this study is designed to be stock-
flow consistent [8]. Therefore, the No-policy baseline refers to the default scenario
in which all collected taxes are allocated to the Quality of Life Indicator (QLI),
which, in turn, impacts the infrastructure and amenities of the neighbourhoods
and affects house prices. In the case of Campo Grande, for instance, investing
in QLI (i.e., No-policy baseline) would be the most beneficial in terms of both
production and inequality. Similarly, for Campos dos Goytacazes, investing in
QLI would be more advantageous in terms of production. However, Rent vouch-
ers and Monetary aid would be more effective in reducing inequality than the
No-policy baseline for Campos dos Goytacazes.

Based on the results of our analysis, we are confident in making policy rec-
ommendations. In terms of maximising social benefits, characterised by higher
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production and smaller inequality with the same amount of investment, Mone-
tary aid appears to be the most effective instrument out of the four alternatives
tested. Rent vouchers performed similarly well, both options vastly outperformed
Property acquisition. This finding is primarily due to the fact that Property ac-
quisition, which involves municipalities purchasing and transferring homes to
low-income households, benefits a significantly smaller number of families while
not contributing to the long-term economic dynamics [1].

However, we should emphasise that policy recommendations must be made in
consideration of the specific circumstances of each city, and other factors should
be taken into account when deciding on the most appropriate policy instrument
to adopt. Campos dos Goytacazes and Campo Grande may benefit more from
investments in infrastructure and amenities, rather than in any of the proposed
policy instruments.

It is important to acknowledge the limitations of our study. Despite ongoing
debates, it is crucial to keep in mind that causal claims should always be con-
sidered provisional, and require background theories and substantial evidence to
support them [14]. Therefore, our illustration implicitly depends on the reliability
of the original model [1,8]. However, we have employed additional methodologi-
cal strategies, such as DAG analysis and Panel regression methods, to scrutinise
the analysis. This aligns with the view that consensus-building is facilitated by
employing multiple models [17,10]. By utilising a variety of methods to examine
our results, we can have greater confidence in the robustness of our findings.

6 Final considerations

We have utilised an ABM model to showcase its potential for providing a causal
argument. In doing so, we have highlighted the literature that outlines the con-
siderations and criteria necessary for using ABMs as a causal analysis tool. We
have also used a causal DAG and panel regression analysis to inform our results.
By using a sound ABM and regression mechanism, we believe that we have accu-
rately compared the policy alternatives. Our study has demonstrated the power
of comparing policies both intra-model and across policies, where all states re-
main the same except for the policy change. Additionally, we have shown that
policies across domains and spatial units can be quantitatively compared.

Overall, we hope that this paper will encourage the use of ABMs that meet
the necessary criteria for studying causal relationships. We believe that our re-
sults can encourage policymakers and scientists with an illustration of quantita-
tive means of assessing the effects of various policies and mechanisms.

References

1. Alves Furtado, B.: PolicySpace2: Modeling Markets and Endogenous Public Poli-
cies. Journal of Artificial Societies and Social Simulation 25(1), 8 (2022)

2. Angrist, J.D., Krueger, A.B.: Instrumental variables and the search for identifi-
cation: From supply and demand to natural experiments. Journal of Economic
perspectives 15(4), 69–85 (2001)



12 F. Bernardo, N. Vanessa

3. Bettencourt, L.M.A.: Introduction to Urban Science: evidence and theory of cities
as complex systems. MIT Press, Cambridge, MA, USA (Aug 2021)

4. Calder, M., Craig, C., Culley, D., De Cani, R., Donnelly, C.A., Douglas, R., Ed-
monds, B., Gascoigne, J., Gilbert, N., Hargrove, C.: Computational modelling for
decision-making: where, why, what, who and how. Royal Society open science 5(6),
172096 (2018), publisher: The Royal Society Publishing

5. Edmonds, B., Moss, S.: From KISS to KIDS–an ‘anti-simplistic’modelling ap-
proach. Springer (2005)

6. Epstein, J.M., Axtell, R.: Growing artificial societies: social science from the bot-
tom up. Brookings/MIT Press, Cambridge, MA (1996)

7. Fujita, M., Krugman, P., Venables, A.: The spatial economy: cities, regions and
international trade. MIT Press, Cambridge, Mass. (1999)

8. Furtado, B.A.: PolicySpace2 : modeling the real estate market and public policies.
Ipea, Brasília (2022), http://repositorio.ipea.gov.br/handle/11058/11370

9. Furtado, B.A.: Simulation Modeling as a Policy Tool. In: The Routledge Handbook
of Policy Tools. Taylor & Francis (2023)

10. Gianluca, M.: Agent-based models and causal inference. Wiley Series in Compu-
tational and Quantitative Social Science, Wiley, Paris, France (2022)

11. Gilbert, N., Ahrweiler, P., Barbrook-Johnson, P., Narasimhan, K.P., Wilkinson,
H.: Computational Modelling of Public Policy: Reflections on Practice. Journal of
Artificial Societies and Social Simulation 21(1), 14 (2018)

12. Goldstein, J.: Rethinking housing with agent-based models: models of the housing
bubble and crash in Washington DC area 1997-2009. Doutorado, George Mason
University, Fairfax, VA, USA (2017)

13. Head, B.W.: Reconsidering evidence-based policy: Key issues and challenges. Policy
and Society 29(2), 77–94 (2010). https://doi.org/10.1016/j.polsoc.2010.03.
001

14. Little, D.: Causation in the Social Realm. In: Damonte, A., Negri, F. (eds.) Causal-
ity in Policy Studies: a Pluralist Toolbox, pp. 11–35. Texts in Quantitative Political
Analysis, Springer International Publishing, Cham (2023). https://doi.org/10.
1007/978-3-031-12982-7_2, https://doi.org/10.1007/978-3-031-12982-7_2

15. Lobo, J., Bettencourt, L.M.A., Strumsky, D., West, G.B.: Urban Scal-
ing and the Production Function for Cities. PLOS ONE 8(3), e58407
(Mar 2013). https://doi.org/10.1371/journal.pone.0058407, https:
//journals.plos.org/plosone/article?id=10.1371/journal.pone.0058407,
publisher: Public Library of Science

16. Morgan, S.L., Winship, C.: Counterfactuals and causal inference. Cambridge Uni-
versity Press (2015)

17. Page, S.E.: The model thinker: What you need to know to make data work for
you. Basic Books (2018)

18. Pearl, J.: Causality: Models, Reasoning and Inference. Cambridge University Press,
Cambridge, 2nd edition edn. (Sep 2009)

19. Robins, J.M., Hernan, M.A., Brumback, B.: Marginal structural models and causal
inference in epidemiology. Epidemiology 11(5), 550–560 (2000)

20. Sampson, R.J., Winship, C., Knight, C.: Translating causal claims: Principles
and strategies for policy-relevant criminology. Criminology & Pub. Pol’y 12, 587
(2013), publisher: HeinOnline

http://repositorio.ipea.gov.br/handle/11058/11370
https://doi.org/10.1016/j.polsoc.2010.03.001
https://doi.org/10.1016/j.polsoc.2010.03.001
https://doi.org/10.1016/j.polsoc.2010.03.001
https://doi.org/10.1016/j.polsoc.2010.03.001
https://doi.org/10.1007/978-3-031-12982-7_2
https://doi.org/10.1007/978-3-031-12982-7_2
https://doi.org/10.1007/978-3-031-12982-7_2
https://doi.org/10.1007/978-3-031-12982-7_2
https://doi.org/10.1007/978-3-031-12982-7_2
https://doi.org/10.1371/journal.pone.0058407
https://doi.org/10.1371/journal.pone.0058407
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0058407
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0058407

	Policy comparisons and causality in an agent-based model

