
Can Poverty Be Reduced by Acting on Discrimination? An
Agent-based Model for Policy Making

Alba Aguilera
Artificial Intelligence Research

Institute, IIIA-CSIC
Barcelona, Spain

aaguilera@iiia.csic.es

Nieves Montes
Artificial Intelligence Research

Institute, IIIA-CSIC
Barcelona, Spain

nmontes@iiia.csic.es

Georgina Curto
University of Notre Dame
Notre Dame, United States

gcurtore@nd.edu

Carles Sierra
Artificial Intelligence Research

Institute, IIIA-CSIC
Barcelona, Spain
sierra@iiia.csic.es

Nardine Osman
Artificial Intelligence Research

Institute, IIIA-CSIC
Barcelona, Spain

nardine@iiia.csic.es

ABSTRACT
In the last decades, there has been a deceleration in the rates of
poverty reduction, suggesting that traditional redistributive ap-
proaches to poverty mitigation could be losing effectiveness, and
alternative insights to advance the number one UN Sustainable
Development Goal are required. The criminalization of poor people
has been denounced by several NGOs, and an increasing num-
ber of voices suggest that discrimination against the poor (a phe-
nomenon known as aporophobia) could be an impediment to mit-
igating poverty. In this paper, we present the novel Aporophobia
Agent-Based Model (AABM) to provide evidence of the correlation
between aporophobia and poverty computationally. We present
our use case built with real-world demographic data and poverty-
mitigation public policies (either enforced or under parliamentary
discussion) for the city of Barcelona. We classify policies as discrim-
inatory or non-discriminatory against the poor, with the support
of specialized NGOs, and we observe the results in the AABM in
terms of the impact on wealth inequality. The simulation provides
evidence of the relationship between aporophobia and the increase
of wealth inequality levels, paving the way for a new generation
of poverty reduction policies that act on discrimination and tackle
poverty as a societal problem (not only a problem of the poor).
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1 INTRODUCTION
According to theWorld Bank [43], over six hundred and fiftymillion
people (10% of the global population) still live in extreme poverty
and COVID-19 has particularly affected the poorest: the number
of people living in extreme poverty rose by 11 % in 2020 [45]. In
this context, urgent and innovative measures are required to work
towards poverty eradication, the number one UN Sustainable De-
velopment Goal. Traditional policies based on the redistribution of
wealth could be losing effectiveness, since there has been a decel-
eration in the poverty reduction rates throughout the last decades
[12]. Artificial Intelligence tools can provide alternative insights to
this global challenge.

In 2017, the Spanish philosopher Adela Cortina coined the term
aporophobia to refer to the "rejection, aversion and fear directed
toward the poor" [15], which cuts across xenophobia, racism, an-
tisemitism, and other types of discrimination. This concept was
officially acknowledged as an aggravating factor for hate crimes
in the Spanish legal framework in 2021 [31]. The impact of aporo-
phobia in poverty mitigation has been described in the literature:
when the poor are rejected and even blamed for their situation, it
is more difficult for policymakers to approve poverty-mitigating
policies, since these regulations are unpopular [7, 8, 34]. However,
there is no empirical evidence yet that aporophobia hinders poverty
reduction. This paper aims to fill this gap and inform about the
effectiveness of poverty-mitigation policies, which consider not
only the redistribution of wealth but also the underlying beliefs on
the topic of poverty expressed in the regulatory framework.

Commonly, policy measures are thoroughly formulated. How-
ever, evidence of the actual societal effects is only obtained once
the policies are implemented. Computational simulations can help
shed light on the overall effect of public policies and their potential
unforeseen effects in a non-invasive way. Agent-Based Modelling
(ABM) is a suitable tool for this purpose, as it can be used to model
the individual interactions that lead to complex social phenom-
ena, including issues related to law, economy, regulatory design,
inequality and poverty [10, 36, 37, 44]. This article builds on the
published architecture of an aporophobia agent-based model for
poverty and discrimination policy-making [33]. Here we present
the first experimental results and proof of concept.
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Our particular approach, the Aporophobia Agent-Based Model
(AABM), is a multiagent simulation with autonomous decision-
making agents designed to represent citizens, who carry out their
daily affairs and are influenced by the legal framework. These in-
dividuals have a personal profile based on real-life demographic
data. Their decision-making is based on their needs, while the legal
norms reflect real-world policies enforced in a specific region (the
city of Barcelona has been used as a first use-case scenario). By
using this social simulation, we are able to examine the impact that
aporophobia, expressed within the legal framework, has on poverty
and inequality levels.

The paper is organized as follows: Section 2 underlines the nov-
elty of our work by exploring existing literature on agent-based
modelling in policy-making within the applicative domain. In Sec-
tion 3, we explain the methodology used to formulate the model:
starting from the fundamental ABM, then adding the autonomous
decision-making feature, and finally implementing the regulatory
environment. Section 4 presents the use case of the simulation, i.e.
the physical location and the selected regulations implemented. In
Section 5, we discuss the final results, focusing on the individual,
collective and overall effect of the norms. Finally, Section 6 pro-
vides insights into the main implications, limitations, and possible
avenues for future research.

2 RELATEDWORK
Policy-making is a complex process that often leverages various
computational tools. Policies, representing legal norms designed by
decision-makers, influence behaviour at the individual level. Agent-
Based Models (ABMs) inherently adopt a bottom-up, decentralized
approach, which provides some advantages in situations where
conventional predictive policy-making methods (e.g., Neo-classical
Equilibrium Modeling, Traditional Game Theory, System Dynam-
ics, and Serious Gaming) are least effective [23, 29]. While ABM
techniques may not foresee all outcomes of new policies, they serve
as valuable tools for uncertainty analysis [21].

Existing policy-making frameworks in the ABM literature are
highly specialized for specific applications [9]. These mostly aim
to inform about poverty alleviation in small community settings,
instead of taking into consideration the population at large (e.g.
[20, 41, 46]). However, ABMs have not yet tackled the topic of
poverty from the perspective of discriminatory behaviour [16],
which is expressed both at a personal and institutional level through
the legal system [42].

Simultaneously, significant efforts are being made to advance
the development of Urban Digital Twins (UDT) [47], tailored to
serve as realistic representations of urban environments. The agent-
based modelling literature is rich on COVID-19 policy-making
case studies that require detailed simulation akin to Digital twins
[6, 28]. These models must account for an explicit physical and
demographic characterization in addition to the social aspects and
dynamics of ABMs. Some research about Social Urban Digital Twins
(SUDT) [27, 39], representing the union of both the agent-based
modelling and the digital twin community, aims to leverage these
computational techniques to enhance the practical utility and real-
world impact of simulations.

This article contributes to the existing ABM literature with a use
case that aims to be representative of an urban environment and its
underlying social characteristics. Unlike many existing frameworks,
our approach is designed for general applicability and scalability.
However, the main novelty of the article is the approach to tack-
ling the multidimensional topic of poverty from the perspective of
discrimination (aporophobia). The paper also illustrates how we
extend the applicability of the needs-based model by Dignum (a
COVID-19 case study) [18] to other domains, in this case, poverty
and discrimination policy-making.

3 MODEL FORMULATION
To develop our AABM, we have focused on three distinct aspects of
the modelling: (i) agent profiles, (ii) agents’ autonomous decision-
making, and (iii) the environment, which is composed of two ele-
ments: the physical and the regulatory [33]. The physical environ-
ment represents the virtual space where agents inhabit, interact and
take actions, following the classical features of an ABM. The regu-
latory environment, on the other hand, encompasses the policies,
laws and regulations implemented within the system.

Agents’ profiles are a set of selected socio-economic and demo-
graphic attributes, extracted from real-world data. The fundamental
structure of the simulation is formed by establishing these agents’
profiles along with the environment that surrounds them. Agents
possess "free will" (autonomous capacity for decision-making), in-
troduced following the needs-based model by Dignum et. al [19].
The set of legal policies affecting them is specifically selected to
target poverty. Our goal is to observe the effect of these policies
(input of the model) on the behaviour and levels of wealth of the
citizens by examining the final wealth distribution (output of the
model). Note that agents’ wealth is regarded as their income minus
their expenditures. While income inequality (or in this case wealth
inequality expressed as income and expenditure) is not a synonym
of poverty, several studies have concluded that income inequal-
ity affects the pace at which growth enables poverty reduction
[5, 22, 35, 38]. We acknowledge that poverty is a multidimensional
phenomenon [40], but in this proof of concept we inform about
the effectiveness of poverty-mitigation policies and the impact of
aporophobia only in terms of wealth distribution.

The AABM is developed using Python’s library Mesa, suitable
for building, analyzing and visualizing ABMs [1]. The methodology
followed involves three basic procedural steps: (1) constructing the
Fundamental Model structure, (2) implementing the Needs-Based
Model decision-making feature, and (3) integrating the Regulatory
Environment. All the project materials can be accessed from the
corresponding GitHub public repository. 1

3.1 Fundamental Model
The first step involves building the fundamental structure of our
model, which reflects agents living in a city. These agents pos-
sess a personal profile based on demographic and socio-economic
characteristics instantiated from real-world data.

Since our AABM is intended for the study of poverty in urban
environments, we model a city as a virtual grid with different loca-
tions associated with facilities (workplaces, leisure spots, schools,
1https://github.com/albaaguilera/Aporophobia
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Figure 1: Maslow’s hierarchy of needs. Individual needs are
divided into categories: Physiological, Safety, Belonging, Es-
teem and Self-actualization, which in turn can be encapsu-
lated in Basic, Psychological and Self-fulfillment needs, or
Deficiency and Growth needs.

hospitals, etc.). We randomly allocate these facilities within a very
simplified 10𝑥10 grid, which constitutes the "physical environment"
of the agents. In future versions of themodel, we aim to enhance this
geographical representation by using Open Street Map geodata2.

Agents living in this city are characterized by a unique personal
profile, i.e., several associated attributes which can be personal
(gender, age and status), economic (wealth, rent and income) and
spatial (district and home location).

3.2 Needs-Based Model
The second phase of the AABM development involves program-
ming agents with an autonomous decision-making feature based on
the needs-based model, first used by Dignum et. al in the ASSOCC
model [18]. The ASSOCC framework provides a tool to experiment
and evaluate possible public health-related interventions and their
combined effects in the context of a pandemic [19]. We will dis-
cuss the contextual background behind the model, as well as the
most important structures for its functioning: the need satisfac-
tion level function, the expected satisfaction level function and the
deliberation function.

3.2.1 Contextual Background. The Needs-Based model is inspired
by Maslow’s hierarchy of needs, a psychological theory of mo-
tivation comprising a five-tier model of human needs [4], often
depicted as hierarchical levels within a pyramid, as it is illustrated
in Figure 1. From the bottom of the hierarchy upwards, the need cat-
egories are physiological (including food, shelter, sleep and health),
safety (clothing, financial security, employment and education),
love and belonging needs (friendship, family and intimacy), esteem
(freedom, status and self-esteem), and self-actualization (creativity,
morality and acceptance of facts). This five-stage model can be di-
vided into deficiency needs and growth needs. Deficiency needs are
concerned with basic survival, essentially considered as a means
to an end, whereas growth needs are associated with realizing an

2Open Street Map web page: https://www.openstreetmap.org/copyright

individual’s full potential through creative and intellectual activi-
ties. Specifically, the needs-based model directs agents to decide on
their actions based on how much they expect actions to fulfil their
most urgent needs. For instance, if an agent is hungry (food need is
depleted), their likely choice might be to "go to grocery store".

3.2.2 Need Satisfaction and Expected Satisfaction. In our AABM,
agents are constrained by their environment, personal profile and
needs. These needs and the importance that agents assign to them
capture the agents’ societal values and the motives that drive them
to action. Agents have a list of available actions determined by their
status (e.g. only an employed agent can perform the action “go to
workplace”). The status determines how agents can address their
most urgent needs. Besides, needs have a certain satisfaction level
that requires maintenance over time. Therefore, the agent needs to
take action to address it. For example, an agent with a low level of
satisfaction in the belonging need will not refill it unless it spends
some leisure time with family and friends. However, as there are
environmental constraints, if there are no agents in the leisure spots
or they are at full capacity, the expected needwill remain unsatisfied.
Apart from positional restrictions, the model also contains financial
limitations for certain spending-related actions. For example, agents
with a low level of satisfaction regarding food will be unable to go
grocery shopping if their wealth attribute is lower than the price of
food. In essence, the AABM is constrained by positional, financial
and personal restrictions, related to the agents’ personal profile and
needs.

Mathematically, we denote the set of need categories as C and
the set of needs within each category 𝑐 ∈ C as N𝑐 . An importance
function maps every need category to the weight that the agent
assigns to it, Imp : C → [0, 1]. At time-step 𝑡 , the need satisfaction
level of need 𝑛 ∈ N𝑐 (for some 𝑐 ∈ C) is given by the need satisfac-
tion level function NSL𝑡 :

{⋃
𝑐∈C N𝑐

}
→ [0, 1], which maps every

need (across all categories) to its current degree of fulfilment. It can
be written either as an iterative or exponential function

NSL𝑡 (𝑛) = 𝛾𝑛,𝑠 (𝑛) · NSL𝑡−1 (𝑛) iterative or (1)
NSL𝑛 (𝑡) = 𝛾𝑡𝑛,𝑠 · NSL𝑛 (0) exponential, (2)

where 𝛾𝑛,𝑠 ∈ [0, 1] is the decay rate for a need 𝑛 and an agent with
status 𝑠 . The status 𝑠 is a categorical variable indicating whether
an agent is employed, unemployed, retired or homeless. The cus-
tomization of the decay rates based on the nature of need and the
agent’s status 𝑠 allows us to create a differentiation between the
personal circumstances of the agents.

The iterative expression computes the current NSL𝑡 (𝑛) value by
multiplying the decay with the previous NSL𝑡−1 (𝑛) value, while
the exponential function is constituted by the 𝑦-intercept NSL𝑛 (0),
(the initial value of a particular need 𝑛), the decay rate and the
current NSL𝑛 (𝑡) value. In order to include variability in the agent’s
lives, the initial values of the needs are sampled following a random
normal distributionN(𝜇𝑠 , 𝜎𝑠 ), with mean 𝜇𝑠 and standard deviation
𝜎𝑠 dependant on status 𝑠 . Conversely, the urgency of need 𝑛 at time
step 𝑡 is defined as Urg𝑡 (𝑛) = 1 − NSL𝑡 (𝑛), which implies that
the urgency of the need will be higher when the need satisfaction
level is low. Agents perform actions with the intention of refilling
their most urgent needs, i.e. those with the highest depletion and
following Maslow’s pyramid.
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Figure 2: Scheme of the needs-based model implementation. The agent is defined by a profile which influences the deliberation
of the action 𝑎𝑡 at timestep 𝑡 . In turn, the numerical parameters and the available actions depend on the profile of the agent,
particularly, on its status. The Expected Satisfaction matrix, 𝑆𝑎𝑡𝑠 (𝑛, 𝑎𝑡 ), is represented in red for the homeless status.

The set of actions available to an agent is denoted by A and is
determined by the current status of the agent. For instance, only an
employed agent can take action "go work" or only a homeless agent
can execute "go reception centre". 3 To decide on which action to
take next, agents consider the satisfaction they expect to draw from
the execution of that action. The expected satisfaction function
𝑆𝑎𝑡𝑠 (𝑛, 𝑎𝑡 ) :

{⋃
𝑐∈C N𝑐

}
× A → [0, 1] captures these estimations

by indicating the level of satisfaction the agent with status 𝑠 expects
to get for need 𝑛 after executing action 𝑎. It is implemented as
a matrix, where needs constitute the rows and actions form the
columns, yielding dimensions 𝐷𝑖𝑚(𝑆𝑎𝑡𝑠 ) = 𝑛 × 𝑎 for each agent
status 𝑠 . In Figure 2, we illustrate this matrix for the homeless
status. The matrix entries span from zero to one, with a maximum
value indicating a strong correlation between the action and the
corresponding need, and a minimum value indicating no effect of
the action on the need. Intermediate values are assigned to actions
that have a partial impact on the need, even if the relationship is not
completely direct. For instance, the action-value pairs "go home" and
shelter or "go grocery" and food have a maximum correlation, while
pairs like "go home" and intimacy or "go leisure" and food exhibit a
certain degree of correlation and are assigned intermediate values.
Conversely, some actions do not correlate with certain needs, such
as "go leisure" and employment. Additionally, there may be actions
that do not satisfy any need, such as "go prison".

3.2.3 Deliberation. At each time step 𝑡 , the agent deliberates about
what is the best action 𝑎𝑡 to perform at the current time step, con-
sidering its available actions and its needs state. To decide, a score
is computed for every action based on the level of satisfaction the

3A reception centre is a facility providing aid, shelter, and food to those in need.

agent is going to draw from executing it, across all of its needs
weighted by the current urgency and the importance of their cate-
gory. The agent selects the action with the largest score to perform.
The formal expression of this deliberation function to determine
the action 𝑎𝑡 is

𝑎𝑡 = argmax
𝑎∈A


∑︁
𝑐∈C

©­«
∑︁
𝑛∈N𝑐

Sats (𝑛, 𝑎) · Urg(𝑛)
ª®¬ · Imp(𝑐)

 . (3)
Immediately after determining the action, and for every need

𝑛, the need satisfaction level is updated according to the executed
action and the 𝑆𝑎𝑡 (𝑛, 𝑎𝑡 ) value associated with it. The updated need
satisfaction level equation can be expressed as

NSL𝑡 ′ (𝑛) = NSL𝑡 (𝑛) + 𝛼 · Sats (𝑛, 𝑎𝑡 ), (4)

where 𝛼 is a parameter set to 0.5 for all simulations, and NSL𝑡 ′
is the value resulting from the addition of the 𝑆𝑎𝑡𝑠 (𝑛, 𝑎𝑡 ) entry
(dependent on the executed action at that step). When there is no
correlation between the action and the need, Sats (𝑛, 𝑎𝑡 ) = 0 and
NSL𝑡 is equal to NSL𝑡 ′ .

All the defined functions grant the agent the autonomy to choose
the actions to be executed and derive their benefits. These decisions,
directly affecting the agents’ financial and personal situation, char-
acterize the agent’s behaviour, ultimately dictated by the weights,
decays and expected satisfaction values. Thus, considering the im-
portance of the numerical parameters associated with the behaviour
of the agents, these must be fine-tuned. As they are, in turn, depen-
dent on the personal status of the agent, we can accomplish this
through a preliminary trial for each distinct agent status. Mainly,
we examine and adjust the overall tendency of the wealth values,
the frequency distribution of the executed actions and the evolution
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Table 1: Policies (expressed as norms) implemented in the AABM, tagged as aporophobic (Apo) or non-aporophobic (Non-Apo).
The description of the norms and a simplified codification (divided in precondition and post-condition statements) is included,
as well as the legal reference of each policy.

Tag Norm (Id) Description Precondition (𝜙𝐴𝑔) Post-condition (𝑓 ) Legal Ref.

Non-Apo
(1) Receive unemployment benefits if you

have fulfilled the required contributions
when a month has gone by.

agx. status == ""unem-
ployed"" and agx. time == 1
month

agx. wealth += 700 [24]

(2) Receive minimal vital income when a
month has gone by.

agx. wealth <= 0 and agx.
time == 1 month

agx. wealth += 735 [32]

(3) Receive a dignified living space in case
of being homeless when a month has
gone by.

agx. status == ""homeless""
and agx. time == 1 month

agx. home == new home
and self. status == unem-
ployed

[14]

Apo
(4) Pay a fine when you sleep on the street

or commit a minor crime.
agx. sleep street or agx. steal
food and agx. wealth >= 0

agx. wealth -= 500 [17]

(5) In case you can not pay the fine for a
crime, the fine can be commuted to days
of imprisonment.

agx. sleep street or agx. steal
food and agx. wealth <= 0

agx. go prison and agx.
depth += 500

[13]

(6) Evicted from your home in a bankruptcy
situation when a month has gone by.

agx. wealth <= 0 and agx.
time == 1 month

agx. home == None [25]

of the need satisfaction levels. Therefore, we are able to ensure that
the weights, decays, and expected satisfaction values align with the
model’s temporality and the typical agents’ behaviour.

3.3 Regulatory Environment
The third and final phase involves integrating a set of norms, rep-
resenting the regulatory environment, into the simulation. The
regulatory environment plays a central role in our model because it
acts as an instance of aporophobia in our society. We aim to observe
how these policies influence the final wealth distribution, providing
evidence that discrimination against the poor has an impact on
poverty levels.

We make several assumptions concerning these policies. Firstly,
we consider that all agents are fully aware of the rules and ad-
here to them perfectly. Secondly, it is assumed that the policies
are flawlessly implemented, without any agents responsible for
their enforcement. In other words, we do not model the potential
autonomy of law-enforcing entities. Thirdly, we assume that the
actions of the agents do not influence the selection of policies in
any way, as there is no legislative process (e.g. voting) involved.
These assumptions are made to focus on observing the effects of
policies rather than the policy-making process itself, abstracting
away any government bodies from the AABM [33].

The different regulations are implemented as the verification of
some precondition and the corresponding execution of the post-
condition. The precondition and post-condition can be related to
specific profile features of the agents or their available actions.
Every norm is formalized as (𝑖𝑑 , 𝑡𝑎𝑔, 𝜙𝐴𝑔) → 𝑓 , where 𝑖𝑑 is the
identifier of the norm, 𝑡𝑎𝑔 is its tag (Apo or NonApo) and 𝜙𝐴𝑔 is a
precondition that is checked in the context of an agent (i.e. to test
whether the rule should apply to the agent). The post-condition 𝑓

is modelled as a callable function that ought to be applied to the
agent, provided that the precondition holds true.

4 USE CASE
As a first case study of the simulation, we choose 4 districts within
the city of Barcelona: Sarrià-Sant Gervasi, Gràcia, Les Corts and Eix-
ample. The data is mainly extracted from OpenData Ajuntament de
Barcelona databases [3]. Other sources provided by NGOs include
the population that is not represented in the city council’s databases,
such as homeless or immigrant persons without an address nor
an up-to-date administrative situation [2]. The demographic data
is used to define the agents’ profile by including the distribution
of different attributes already mentioned (e.g. age, gender, rent,
income) in each district. All these demographic and socio-economic
variables are transformed into probability distributions, from which
agents’ profiles are sampled, ensuring they are representative of
real-world demographics.

In our simulation use case, we perform some adaptations to sim-
plify the needs-based model methodology explained in section 3.2.
These adjustments regard two key aspects: (1) Maslow’s hierarchy
and (2) the decision-making time frame. In the first place, we disbar
the growth needs (self-actualization category of Maslow’s hierarchy
of needs in Fig. 1) from the simulation. Maslow’s theory of needs
states that while every individual possesses the capability and aspi-
ration to progress up the hierarchy towards self-actualization, this
advancement is often impeded by the failure to fulfil lower-level
needs [30]. As our main focus is on modelling behaviour related to
basic needs, we only consider deficiency needs, basic and psycho-
logical needs constituting the lower level of the pyramid. Secondly,
the autonomous decision-making feature is not operational at every
time step of the model. The decision-making process starts at 5 pm
for all agents. For the rest of the agents’ day, certain actions are
fixed by the time of the model to ensure the duties of the agents are
executed (regardless of their needs). Essentially, employed agents
are forced to go to work for a set amount of time, and all agents are
forced to sleep at night.
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Figure 3: Results extracted from the AABM’s proof of concept for the examination of the individual effect of norms. Wealth
distribution for the scenario with no norms implemented is represented in grey, while the distributions associated with
Apo-tagged and Non-Apo tagged norms are depicted in pink and blue respectively, with the corresponding Gini coefficient.

As an initial prototype, a set of six norms, denoted as N≀, is
codified and tested in the model. Table 1 introduces the norms
implemented, with a simple explanation of each one of them and
their legal reference, mostly from the official Spanish government
gazette, Boletín Oficial del Estado (BOE) [31]. The codification of the
norms appears as two simplified precondition and post-condition
coding statements. The aporophobic or non-aporophobic tag of
each norm has been obtained by collaborating closely with legal
NGOs specialized in poverty mitigation and homelessness [2].

5 RESULTS
To comprehensively examine the impact of the norms proposed
in Table 1, we run several executions of our AABM for all the
combinations (subsets) of norms, presented in section 3.3. This
corresponds to the power set of the norms, which is denoted as
P(N≀) , and equals 26 = 64. It includes all subsets in N≀, including
the empty set (no norms are enforced at all). Then, our results will
map the elements in P(N≀) to an indicator of wealth inequality.

Given the randomness inherent to our model (e.g. in initializing
agent wealth and other attributes) it is necessary to generate a
sample of runs (𝜏 = 10) for each subset of norms, with a subse-
quent standard deviation associated with the results. We choose to
execute the model on the IIIA’s high-performance computing in-
frastructure 4, using mesa.batch_run to parallelize the executions.
All simulations are executed for𝑇 = 2880 timesteps (the equivalent
of 4 months), with 𝑁 = 100 agents.

Every rule configuration is assessed in terms of the final wealth
distribution, collected at the end of every simulation run. The final
wealth distribution comprises the sum of all the simulations per-
formed with a particular combination of norms, meaning that the
total count of agents is always 𝑁 · 𝜏 = 1000, normalized to 1 in the
𝑦-axis. This frequency axis refers to the proportion of agents with fi-
nal wealth falling within the corresponding value. The distribution

4https://iiia.csic.es/en-us/research/ars-magna/

is smoothed with a probability density function, a line associated
with the likelihood of the variable falling within a certain range.
All the results obtained are compared with the baseline case (the
simulation with no implemented norms, depicted in grey in all of
the cases). For the purpose of the analysis, the column correspond-
ing to the proportion of agents ending up with the lowest wealth
(left bar of the graphs) will be denoted as bankruptcy bar.

We measure the impact of the regulatory environment on wealth
distributions by using the Gini coefficient, an economic measure
that quantifies the degree of wealth inequality within a social group.
It ranges from zero to one, with a null Gini coefficient reflecting per-
fect equality (i.e. all members in a community own identical shares
of wealth), and a maximum Gini coefficient reflecting maximum
inequality (i.e. all wealth is concentrated in a few individuals)[26].
Since there are numerous subsets of norms, we focus on study-
ing the effects of some subsets in particular: every norm individ-
ually (section 5.1), the aporophobic and non-aporophobic subsets
of norms, Apo (Norms 4, 5, and 6) and Non-Apo (Norms 1, 2, and 3)
respectively (section 5.2), and all subsets together (section 5.3).

5.1 Individual Effect of the Norms
The effect of the norms can be analyzed in isolation. Fig. 3 reveals
that most norms in scope individually increase the Gini coefficient
compared to the baseline simulation without implemented norms.
Only Norm 1 (tagged as Non-Apo) decreases the Gini coefficient.
Norm 2, 3, 4 and 6 have a similar effect on the Gini, showing an
increment of 3.5% approximately (4.7% in the case of Norm 6). On
the other hand, Norm 5 significantly raises the coefficient by 18.3%.

One can see that the bankruptcy bar is the lowest for Norm
1, indicating that it is the norm that most effectively reduces the
proportion of agents ending up in a bankruptcy situation. This is
reasonable because Norm 1 affects a significant amount of agents,
susceptible to ending up broke, by providing them with unemploy-
ment benefits.
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(a) (b) (c)

Figure 4: Results extracted from the AABM’s proof of concept for the examination of the collective effect of norms. (a) Wealth
distribution without implemented norms depicted in grey. (b) Wealth distributions implementing the subset of norms tagged as
Apo (Norms 4, 5, and 6) depicted in colour pink. (c) Wealth distributions implementing the subset of norms tagged as Non-Apo
(Norms 1, 2, and 3) depicted in colour blue.

The ineffectiveness of the rest of the Non-Apo tagged norms in
decreasing the Gini can be attributed to the wide-ranging and low-
ranging effects of the Norms 2 and 3 on the agents. Norm 3 affects
all agents equally in terms of minimal vital income, while Norm 2
only affects homeless agents by providing them with a dignified
living space. Therefore, implementing Norm 3 for all agents does
not significantly alter the overall distribution, and implementing
Norm 2 for a small portion of the total number of agents has a
minimal effect on the wealth distribution.

This can be further examined by analyzing the proportion of
agents affected within the bankruptcy bar and their respective
statuses. The baseline simulation leads 23.84% of the agents to a
bankruptcy situation, 71.1% of them unemployed and 28.3% home-
less. Norm 1 improves meaningfully this situation, with only 7,9%
of the population, all with homeless status assigned, falling within
the bankruptcy bar. On the other hand, Norm 2 and Norm 3 result
in a very similar proportion of financially broke agents (26.6% and
27.0%), but with different statuses associated (68.5% unemployed
and 31.5% homeless in the first one, and 99.1% unemployed and
0.9% employed in the second one). This indicates that, although the
bankruptcy bar seems to be decreased similarly, the final state of
the isolated scenarios differs by the status of the agents. Norm 2
(minimal vital income scenario) is dealing with homeless and un-
employed agents, whereas Norm 3 (dignified living space scenario)
is not contemplating homeless agents anymore, since they are al-
ready settled. Inside the Non-Apo tagged norms, Norm 5 (paying a
sanction or commuting it with days of imprisonment) leads to the
highest bankruptcy bar (37% of the agents, tagged with homeless
status).

5.2 Collective Effect of Norms: Apo and
Non-Apo subsets

It is interesting to examine the joint effect of the subset of Norms
tagged as Apo and Non-Apo. The results for the Apo and Non-Apo
subsets appear in Figure 4b and 4c. By comparing them with Figure

4a, one can see that the Non-Apo subset of norms decreases the
Gini by 18.8% (leads to a more egalitarian distribution of wealth),
while the Apo subset increases it by 20.8% (leads to a less egalitarian
distribution of wealth).

It is worth noticing that the bankruptcy bar is significantly lower
for the Non-Apo combination, indicating the effectiveness of Non-
Apo policies in preventing bankruptcy situations. For Non-Apo
norms, the analysis reveals 6.96% of the agents experiencing bank-
ruptcy (93% unemployed and 6% employed). In contrast, Apo norms
result in 39.3% of homeless agents facing bankruptcy. Non-Apo
norms policies directly provide shelter to homeless agents, thereby
categorizing them as unemployed, providing them with unemploy-
ment benefits and offering educational opportunities. Conversely,
Apo norms contribute to an increase in homelessness and bank-
ruptcy.

5.3 Influence of Aporophobia in the Gini
Coefficients

As a final observation, we analyze the ensemble of all norm combi-
nations and their impact on the computed Gini coefficient. Figure
5a illustrates the Gini coefficients across all different combinations
of norms, as a function of the proportion of Aporophobic-tagged
norms. Generally, a higher proportion of Aporophobic norms (max-
imum value of 1) corresponds to higher Gini coefficients, located
on the right side of the plot. Conversely, Non-Aporophobic norms
lead to lower values, located on the left side.

This type of plot reveals the combination of norms that leads
to the highest and lowest Gini coefficient, indicated in the graph,
allowing the examination of intermediate values too. The lowest
Gini obtained is (0.405± 0.018), achieved by implementing the com-
bination of Norms (1, 2 and 3), which corresponds to the Non-Apo
subset (nule proportion of Aporophobic tagged norms). However,
the highest Gini coefficient obtained is (0.600 ± 0.020), which is the
result of the combination of Norms (2, 3, 4, 5 and 6), with 60% of
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(a)

(b)

Figure 5: Results extracted from the AABM’s proof of con-
cept across all combinations of norms. (a) Gini coefficients as
a function of the proportion of aporophobic norms in each
norm combination executed. Maximum aporophobia pro-
portion is depicted in pink, while minimum aporophobia is
represented in blue. Lowest and Highest Gini computed are
indicated, as well as their associated combination of norms.
All the Gini coefficients obtainedwith a combination contain-
ing Norm 1 are circled in black. (b) Gini coefficient variation
illustrated with boxplots for every norm combination asso-
ciated with a certain proportion of aporophobic norms.

Aporophobic-tagged norms in it. Furthermore, we analyze isolat-
edly the Gini coefficients obtained as a result of a combination of
norms containing Norm 1 in it (circled in black in Figure 5a). The re-
sults evidence that Norm 1 is contributing significantly to the most
egalitarian outcome because most of the lowest and intermediate
Gini values outcomes incorporate this norm.

The standard deviation of the Gini coefficients, obtained for
the macroeconomic distributions of each combination, has been
included to address the results’ variation. However, the individual
variation of the 10 different wealth distributions is not visualized

in the plots. We can examine this variation by looking at the box
plot, associated with the distribution of Gini coefficients, for each
configuration of norms in Fig. 5b. Notice that the interquartile range
coincides approximately with the Gini values obtained above.

6 CONCLUSIONS, LIMITATIONS AND FUTURE
WORK

In this paper, we present theAABM, a novelmulti-agent autonomous
decision-making simulation that assesses the potential impact of
policies in terms of wealth inequality within a specific population.
In this initial version, the policies in scope focus on addressing
homelessness and poverty in 4 districts of Barcelona. The model
is built on the needs-based model by Dignum et. al [19]. By initial-
izing the agents based on real demographic data, we accomplish
a meaningful representation of the citizens residing in the city
districts.

We provide evidence of the correlation between norms tagged as
aporophobic (considered discriminatory against the poor by non-
profits) and wealth inequality, which affects poverty reduction rates.
The results fit our expectations: non-aporophobic policies seem
to lead to a more egalitarian environment. These insights aim to
contribute to the number one UN Sustainable Development Goal,
a global call for action to mitigate poverty, by informing a new
generation of poverty reduction policies that tackle poverty not
only by acting on the redistribution of wealth, but also bymitigating
discrimination against the poor at an institutional level.

This model opens a wide range of possibilities to explore in
terms of policy assessment before implementation. Nevertheless, it
currently stands as a proof of concept with limitations that need
to be addressed in future work. First of all, in order to make the
AABM more robust, the agent population needs to be completely
representative of the real population. To achieve this, the model
will incorporate the demographic data in terms of a validated syn-
thetic population. This synthetic population will be expandable
to include additional attributes, thereby enriching the contextual
behaviour of agents in each region [11]. Secondly, we will con-
sider a wider range of policies that might influence poverty and
inequality, such as regulations regarding education. Thirdly, we
aim to obtain outputs from the AABM in terms of levels of home-
lessness, evictions, education or other indicators, which reflect the
multidimensionality of poverty and can be more meaningful for
non-profits and government officials. The three ways forward are
currently being developed to explore the potential of the AABM as
a regulatory tool. The enhancement of the model will allow us to
offer rigorous comparative studies for similar policies in different
urban environments.

ACKNOWLEDGMENTS
This research has been supported by the EU-funded VALAWAI
(# 101070930), the Spanish-funded VAE (# TED2021-131295B-C31)
and the Rhymas (# PID2020-113594RB-100) projects. Thanks to
Beatriz Fernández Gensana, Head of the Juridic Team in Arrels Fun-
dació (www.arrelsfundacio.org), who help us as a legal counsellor
to select, manage and understand the policies implemented for the
city of Barcelona.

Full Research Paper  AAMAS 2024, May 6–10, 2024, Auckland, New Zealand

29

www.arrelsfundacio.org


REFERENCES
[1] [n.d.]. Advanced Tutorial- Mesa documentation. https://mesa.readthedocs.io/en/

main/tutorials/adv_tutorial.html.
[2] [n.d.]. Personas sin hogar. https://www.arrelsfundacio.org/es/personas-sin-

hogar/ [Accessed 2023-06-05].
[3] [n.d.]. Societat i benestar - Temas - Open Data Barcelona. https://opendata-

ajuntament.barcelona.cat/data/es/organization/societat-i-benestar.
[4] 2022. Maslow’s Hierarchy of Needs. , 19 pages. https://www.simplypsychology.

org/maslow.html [Accessed 2023-06-05].
[5] P E Aghion, Caroli, and C Garcia-Penalosa. 1999. Redistribuion inequality and

growth. Journal of Economic Literature 37, 4 (1999), 1615–1660.
[6] Saleh Alrashed, Nasro Min-Allah, Ijaz Ali, and Rashid Mehmood. 2022. COVID-19

outbreak and the role of digital twin. Multimedia Tools and Applications 81, 19
(2022), 26857–26871.

[7] Lauren D Applebaum. 2001. The Influence of Perceived Deservingness on Policy
Decisions Regarding Aid to the Poor. Political Psychology 2, 3 (2001).

[8] RICHARD J Arneson. 1997. Egalitarianism and the Undeserving Poor. The
Journal of Political Philosophy 5, 4 (1997), 327–350.

[9] Sebastian Benthall and Katherine J. Strandburg. 2021. Agent-Based Modeling as
a Legal Theory Tool. Frontiers in Physics 9 (2021). https://doi.org/10.3389/fphy.
2021.666386

[10] Sebastian Benthall, Michael Carl Tschantz, Erez Hatna, Joshua M Epstein, and
Katherine J Strandburg. 2021. At the Boundary of Law and Software: Toward
Regulatory Design with Agent-Based Modeling. (2021).

[11] Kevin Chapuis and Patrick Taillandier. 2019. A brief review of synthetic pop-
ulation generation practices in agent-based social simulation. In submitted to
SSC2019, Social Simulation Conference.

[12] G. Claudia, A. D. Klemm, V L. Liu, and . Mylonas. 2018. Personal Income Tax
Progressivity: Trends and Implications. Technical Report. International Monetary
Fund. url:https://www.imf.org/en/Publications/WP/Issues/2018/11/20/Personal-
Income-Tax-Progress

[13] conceptosjuridicos.com. 2019. Artículo 53 del Código Penal. Código Penal. [Ac-
cessed 2023-06-17].

[14] Consorci d’Habitatge de Barcelona. 2016. Reglament per a l’adjudicació
d’habitatges per emergència social per pèrdua d’habitatge de Barcelona. Normative
Local 20140509N5.

[15] Adela Cortina. 2022. Aporophobia. Why we reject the poor instead of helping them.
Princeton University Press.

[16] G. Curto, M. Jojoa Acosta, F. Comim, and B. Garcia-Zapirain. 2022. Are the poor
being discriminated against on the Internet? A machine learning analysis using
Word2vec and GloVe embeddings to identify aporophobia. AI Society (2022).

[17] Acord Del Consell Plenari de 23-12-2005. [n.d.]. Ordenança de mesures per fo-
mentar i garantir la convivència ciutadana a l’espai públic de Barcelona. Technical
Report.

[18] F. Dignum. 2021. Social Simulation for a Crisis. Springer International Publishing.
https://doi.org/10.1007/978-3-030-76397-8

[19] F. Dignum, V. Dignum, P. Davidsson, A. Ghorbani, M. van der Hurk, M. Jensen, C.
Kammler, F. Lorig, L. G. Ludescher, A. Melchior, R. Mellema, C. Pastrav, L. Vanhee,
and H. Verhagen. 2020. Analysing the combined health, social and economic
impacts of the coronavirus pandemic using agent-based social simulation. (2020).
https://doi.org/10.48550/ARXIV.2004.12809 arXiv:arXiv:2004.12809 [q-bio.PE]

[20] Yue Dou, Peter J Deadman, Marta Berbés-Blázquez, Nathan D Vogt, and Ori-
ana Almeida. 2020. Pathways out of poverty through the lens of development
resilience: an agent-based simulation. Ecology and Society 25, 4 (2020), 1–14.

[21] Bruce Edmonds and Lia Aodha. 2019. Using Agent-Based Modelling to Inform
Policy – What Could Possibly Go Wrong? 1–16. https://doi.org/10.1007/978-3-
030-22270-3_1

[22] O Galor and O Moav. 2004. From physical to Human Capital Accumulation:
Inequality and the Process of Development. Review of Economic Studies 71, 4
(2004), 1001 —- 26.

[23] Amineh Ghorbani, Francien Deschene, Virginia Dignum, and Catholijn Jonker.
2015. Enhancing ABM into an Inevitable Tool for Policy Analysis. (06 2015).

[24] Jefatura del Estado. 1985. BOE-A-1985-8124 Real Decreto 625/1985, de 2 de abril,
por el que se desarrolla la Ley 31/1984, de 2 de agosto, de Protección por Desempleo.
Boletín Oficial del Estado BOE-A-1985-8124.

[25] Jefatura del Estado. 1994. BOE-A-1994-26003 Ley 29/1994, de 24 de noviembre, de
Arrendamientos Urbanos. Boletín Oficial del Estado BOE-A-1994-26003.

[26] Stephen Jenkins. 2017. The measurement of income inequality. In Economic
inequality and poverty. Routledge, 3–38.

[27] Alfio Lombardo, Giacomo Morabito, Salvatore Quattropani, and Carmelo Ricci.
2022. Sociality-as-a-Service: A new platform for networked Digital Twins. In 2022
61st FITCE International Congress Future Telecommunications: Infrastructure and
Sustainability (FITCE). 1–5. https://doi.org/10.23919/FITCE56290.2022.9934689

[28] Fabian Lorig, Emil Johansson, and Paul Davidsson. 2021. Agent-based social
simulation of the COVID-19 pandemic: A systematic review. JASSS: Journal of
Artificial Societies and Social Simulation 24, 3 (2021).

[29] Yan Ma and Zhenjiang Shen. 2022. Introduction to Agent-Based Modeling and Its
Application to Policy Decision-Making. In Strategic Spatial Planning Support Sys-
tem for Sustainable Development: Agent-Based Modelling and Simulation. Springer,
1–19.

[30] Abraham H. Maslow. 1943. A Theory of Human Motivation. Psychological Review
50, 4 (1943), 430–437.

[31] Ministerio de la Presidencia, Relaciones con las Cortes y Memoria Democrática.
2021. Circular 7/2019, del 14 de mayo, de la Fiscalía General del Estado, sobre pautas
para interpretar los delitos de odio tipificados en el artículo 510 del Código Penal.
Boletín Oficial del Estado BOE-A-2019-7771.

[32] Ministerio de la Presidencia, Relaciones con las Cortes y Memoria Democrática.
2021. Ley 19/2021, de 20 de diciembre, por la que se establece el ingreso mínimo
vital. Boletín Oficial del Estado BOE-A-2021-21007.

[33] Nardine Osman Nieves Montes, Georgina Curto and Carles Sierra. 2022. An
Agent-BasedModel for Poverty and Discrimination Policy-Making. In Proceedings
of the 2nd Workshop on Agent-based Modeling and Policy-Making (AMPM 2022)
co-located with 35th International Conference on Legal Knowledge and Information
Systems (JURIX 2022). https://ceur-ws.org/Vol-3420/paper1.pdf

[34] Heather Nunn and Anita Biressi. 2009. The undeserving poor. Soundings 41
(2009).

[35] J D Ostry, A Berg, and C Tsangarides. 2014. Redistribuion, inequality and growth.
Technical Report. IMF Staff Discussion Note 14/02. International Monetary Fund.

[36] Randal C. Picker. 1997. Simple Games in a Complex World: A Generative Ap-
proach to the Adoption of Norms. The University of Chicago Law Review 64, 4
(1997), 1225–1288. http://www.jstor.org/stable/1600216

[37] Sebastian Poledna, Michael Gregor Miess, Cars Hommes, and Katrin Rabitsch.
2023. Economic forecasting with an agent-based model. European Economic
Review 151 (2023), 104306. https://doi.org/10.1016/j.euroecorev.2022.104306

[38] Martin Ravallion. 2004. Pro-Poor Growth: A Primer. (2004).
[39] Batel Yossef Ravid andMeirav Aharon-Gutman. 2023. The Social Digital Twin:The

Social Turn in the Field of Smart Cities. Environment and Planning B: Urban
Analytics and City Science 50, 6 (2023), 1455–1470. https://doi.org/10.1177/
23998083221137079 arXiv:https://doi.org/10.1177/23998083221137079

[40] Amartya Sen. 2001. Development as freedom. Oxford University Press.
[41] Alexander Smajgl and Erin Bohensky. 2013. Behaviour and space in agent-

based modelling: poverty patterns in East Kalimantan, Indonesia. Environmental
modelling & software 45 (2013), 8–14.

[42] Juan Terradillos Basoco. 2020. Aporofobia y plutofilia : la deriva jánica de la
política criminal contemporánea. (2020).

[43] The World Bank. 2023. Poverty and Inequality Platform (PIP).
[44] Gunawan Wicaksono and Yuri Mansury. 2020. An Agent-Based Model of Wealth

Inequality with Overlapping Generations, Local Interactions, and Intergenerational
Transfers. Springer International Publishing, Cham, 213–239. https://doi.org/10.
1007/978-3-030-43694-0_10

[45] World Bank. 2022. Poverty and Shared Prosperity 2022: Correcting Course. Technical
Report. World Bank. https://doi.org/10.1596/978-1-4648-1893-6

[46] Tesfamicheal Wossen and Thomas Berger. 2015. Climate variability, food security
and poverty: Agent-based assessment of policy options for farm households in
Northern Ghana. Environmental Science & Policy 47 (2015), 95–107.

[47] Haishan Xia, Zishuo Liu, Maria Efremochkina, Xiaotong Liu, and Chunxiang
Lin. 2022. Study on city digital twin technologies for sustainable smart city
design: A review and bibliometric analysis of geographic information system
and building information modeling integration. Sustainable Cities and Society 84
(2022), 104009.

Full Research Paper  AAMAS 2024, May 6–10, 2024, Auckland, New Zealand

30

https://mesa.readthedocs.io/en/main/tutorials/adv_tutorial.html
https://mesa.readthedocs.io/en/main/tutorials/adv_tutorial.html
https://www.arrelsfundacio.org/es/personas-sin-hogar/
https://www.arrelsfundacio.org/es/personas-sin-hogar/
https://opendata-ajuntament.barcelona.cat/data/es/organization/societat-i-benestar
https://opendata-ajuntament.barcelona.cat/data/es/organization/societat-i-benestar
https://www.simplypsychology.org/maslow.html
https://www.simplypsychology.org/maslow.html
https://doi.org/10.3389/fphy.2021.666386
https://doi.org/10.3389/fphy.2021.666386
url: https://www.imf.org/en/Publications/WP/Issues/2018/11/20/ Personal-Income-Tax-Progress
url: https://www.imf.org/en/Publications/WP/Issues/2018/11/20/ Personal-Income-Tax-Progress
https://doi.org/10.1007/978-3-030-76397-8
https://doi.org/10.48550/ARXIV.2004.12809
https://arxiv.org/abs/arXiv:2004.12809
https://doi.org/10.1007/978-3-030-22270-3_1
https://doi.org/10.1007/978-3-030-22270-3_1
https://doi.org/10.23919/FITCE56290.2022.9934689
https://ceur-ws.org/Vol-3420/paper1.pdf
http://www.jstor.org/stable/1600216
https://doi.org/10.1016/j.euroecorev.2022.104306
https://doi.org/10.1177/23998083221137079
https://doi.org/10.1177/23998083221137079
https://arxiv.org/abs/https://doi.org/10.1177/23998083221137079
https://doi.org/10.1007/978-3-030-43694-0_10
https://doi.org/10.1007/978-3-030-43694-0_10
https://doi.org/10.1596/978-1-4648-1893-6

	Abstract
	1 Introduction
	2 Related Work
	3 Model formulation
	3.1 Fundamental Model
	3.2 Needs-Based Model
	3.3 Regulatory Environment

	4 Use case
	5 Results
	5.1 Individual Effect of the Norms
	5.2 Collective Effect of Norms: Apo and Non-Apo subsets
	5.3 Influence of Aporophobia in the Gini Coefficients

	6 Conclusions, limitations and future work
	Acknowledgments
	References



