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Abstract:

Socioeconomic status can have an important e�ect on health. In this paper we: (i) propose using house price
data as a publicly available proxy for socioeconomic status to examine neighbourhood socioeconomic status
at a more fine grained resolution than is available in Irish Central Statistics O�ice data; (ii) use a dissimilarity
index to demonstrate and measure the existence of socioeconomic clustering at a neighbourhood level; (iii)
demonstrate that using a standard ABM initialisation process based on CSO small area data results in ABMs
systematically underestimating the socioeconomic clustering in Irish neighbourhoods; (iv) demonstrate that
ABMmodels arebetter calibrated towards socioeconomic clusteringa�er a segregationmodelshasbeen run for
a burn-in period a�er initial model setup; and (v) that running a socioeconomic segregation model during the
initiation of an ABM epidemiologymodel can have an e�ect on the outbreak patterns of themodel. Our results
support the use of segregation models as useful additions to the initiation process of ABM for epidemiology.

Keywords: Agent-Based, Socioeconomic Status, Infectious Disease, Simulation, Model, Segregation Model

Introduction

1.1 Agent-based models (ABMs) are a type of computer simulation made up of agents that can interact with each
other and with an environment (Gilbert 2008). They are a popular tool in many fields because they allow for
a greater flexibility when creating the model compared with more common methods such as mathematical
modelling. ABMs can also capture unexpected aggregate phenomenon that result from combined individual
behaviours in a model, which can lead to more accurate epidemiological modelling (Bruch & Atwell 2015).

1.2 One area where ABMs are particularly useful is infectious disease epidemiology, this is because ABMs can cap-
ture the dynamics of the disease spread combined with the heterogeneous mixing and social networks of the
agents (Bobashevet al. 2007). In order tobeable to realisticallymodel anoutbreakand tobeuseful in realworld
scenario the model needs to be based on data and include the appropriate level of detail. If the right level of
detail is used an ABM can produce accurate results. These details include not only characteristics of the disease
such as infection rates but characteristics of the agents as well (Hunter et al. 2017). In an infectious disease
model the demographic and socioeconomic characteristics of an agent can a�ect the health of the agent.

1.3 Many studies have found that demographic and socioeconomic factors can have an influence on individual
health (Mackenbach et al. 2007; Doherty et al. 2014; Jessop et al. 2010; Endrich et al. 2009). Across Europe,
there is a trend of higher morbidity and mortality among those with lower levels of income and or education,
both factors that contribute to an individual’s socioeconomic status (Mackenbach et al. 2007). Although there
are many ways in which socioeconomic factors can a�ect health, in relation to the spread of infectious dis-
eases one major factor is vaccination rates. A number of studies have shown that various demographic factors
can have an e�ect on vaccination status. Doherty et al. (2014) studied the inequality in childhood vaccination
status in Ireland and found that the majority of the vaccination inequality can be explained by socioeconomic
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variables. They found that socioeconomic status, household structure and equalized income explained most
of the inequality in vaccination status, but also that a mother with non-Irish ethnicity reduces the inequality
in vaccinations while an employed mother increases this inequality. Jessop et al. (2010) studied predictors for
the uptake of the first MMR vaccine and determined that a higher level of MMR vaccination was found among
childrenwithworkingmothers, andhigher income families. Lower levels of vaccinationwere foundamong chil-
drenwith degree level educatedmothers, unmarried or lone parents and smokingmothers. A study by Endrich
et al. (2009) found that in Ireland there is a lower chance of having been vaccinated for the flu if an individual
has more than a primary level education and has a higher income. As many outbreaks of infectious diseases
occur today due to low vaccination rates, it is essential to accurately capture this variation in vaccination levels
within a population to accurately capture a disease spread. A cluster of individuals with a lower vaccination
rate may lead to an outbreak even in a highly vaccinated population. Ireland’s Central Statistics O�ice (CSO)
provides detailed demographic statistics on the Irish population at multiple geographic levels, the smallest of
which is the small area level that contains information for between 50 to 200 dwellings (CSO 2014). While the
scale of the CSO small area datamight provide information on small areas that have a higher proportion of indi-
viduals with one characteristic over another - for example more single person households versus families with
children - there may still be clustering of those individuals or households with those characteristics within the
small areas that the data does not capture.

1.4 If that clustering is not captured it is possible that the results of the model will not be accurate. More severe
outbreaks of non-vaccinated individualsmay bemissed. On the other side less severe outbreaks due to clusters
of vaccinated individuals leading to herd immunity in smaller communities might also be missed. This could
create problems when using the results of such a model, for example a vaccination policy based o� of model
results that included socioeconomic clusters might focus on vaccinating individuals in certain socioeconomic
classes while a policy based o� amodel without clusters might not be as e�ective.

1.5 While synthetic populations that can be used to set up agent-based models with a population of agents that
represents the actual population exist for somecountries suchas theUSA (Wheatonet al. 2009), there is no such
synthetic population for Ireland. Without access to such a population we need to create our agent population
that accurately represents the Irish population. Although the CSO provides rich data on the characteristics of
the Irish population, there are some characteristics that are not available such as the level of socioeconomic
clusteringwithin neighbourhoods. In order to account for the possibility of socioeconomic clusteringwithin an
epidemiological ABMwe propose using a segregationmodel focusing as a burn-in step in the setup of our ABM.
The segregation burn-in will allow households in the model to move their home location within a given area
in an attempt to find neighbours with similar socioeconomic status. The burn-in model should help include
a factor, socioeconomic clustering, that we feel could be important in an infectious disease model but we do
not have the appropriate data to simulate it initially. We believe that this allows better simulation of towns and
cities than is possible using summary data at the small area level alone. We apply the segregationmodel step to
an ABM created to simulate the spread of infectious diseases in Irish towns. Segregation models are a specific
form of the more general social interaction model developed by James Minoru Sakoda (Hegselmann 2017).
Sakoda’s model features a checkerboard landscape where two di�erent groups move across the landscape.
Agents’movementsaredeterminedbypositive, negativeorneutral attitudes towards theothergroup. Although
Sakoda’s model includes segregation, segregationmodels weremade famous by a set of models developed by
Thomas Schelling in the 1960s and 1970s (Hegselmann 2017).

1.6 As we are only assuming the model does not capture socioeconomic clusters, before adding additional steps
into the model, we first must establish that there is a need for using a segregation model. Section 2 provides
background on segregation models. Section 3 of the paper discusses the process of using real data on house
prices, as aproxy for socioeconomic status, to determine the level of clustering that already exists in Irish towns.
This is done by using the dissimilarity index, a measure commonly used to determine a numerical value for
a level of segregation in a given region. The dissimilarity index is calculated for two Irish towns, Schull and
Tramore. These townsare selectedasexamples for themodelas theyare townspreviouslyused in the infectious
diseasemodel. In Section 4 the distribution of agents by socioeconomic status in our initialmodel setup is used
to calculate a second dissimilarity index for each town. The simulated dissimilarity index is compared to the
real dissimilarity index (calculated in Section 3) and is used to determine that an additional step in the model
is needed to account for real world clustering by socioeconomic status that we do not capture in the model.
Finally in Section 5, the segregation step of the model is implemented and again using dissimilarity indices we
show that the ABM is better calibrated towards socioeconomic clustering a�er the segregationmodel has been
run. Section 4 also discusses the e�ects that clustering by socioeconomic status has on the outbreaks in each
townby comparing two sets ofmodel results onewhere the initialmodel setup includes theburn-in segregation
model and one without the burn-in segregation model.
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(a) Figure 1a: The setup of a Schelling type model in Netlogo. The
image is before any movement has taken place and shows the two
groups of agents, in red and green, scattered randomly throughout
the environment (Wilensky 1999b).

(b) Figure 1b: The results of a Schelling type model in Netlogo. The
image is a�er the model has run and shows distinct clusters of the
two groups of agents (Wilensky 1999b).

Segregation Models

2.1 Although Schelling presented a suite of models the one that is most famous (the model is o�en referred to as
the Schelling model) is a two-dimensional spatial segregation model. Schelling’s model environment is bro-
ken up into grid cells in a checkerboard pattern. Two groups of agents are scattered randomly throughout the
checkerboard, each in its own grid cell. The two groups are primarily interpreted as individuals belonging to
two ethnic groups, however it is possible to consider other groups. Some grid cells are le� empty to allow for
movement. Agents have a tolerance for the proportion of similar individuals that they want to live near, with
the standard case being that agents do not want to be in the minority so they would have tolerance of at least
0.5. Agents look at their neighbours, agents in the adjacent cells, and determine if the proportion of neighbours
who are similar to themselves is greater than or less than their tolerance. If the proportion is equal to or greater
than their tolerance the agent will notmove. If the proportion is less than their tolerance the agentwill move to
the closest empty grid cell. Variation include changing the tolerance of agents, the proportion of the population
in each group, movement rules, and neighbourhood size (Schelling 1969, 1971).

2.2 Schelling’s models illustrate the idea that slight individual behaviours or preferences can lead to aggregate re-
sults that the individuals did not intend. Schelling’s models show how a small individual preference to not be
a racial minority in a neighbourhood leads to neighbourhood segregation (Schelling 1971). Figures 1a and 1b
illustrate the segregation of two groups of agents resulting from a Schelling typemodel in Netlogo. Figure 1a is
the starting point of themodel with no clustering or segregation and Figure 1b is the ending point of themodel
where distinct clusters of agents have formed.

2.3 Schelling’s results have proven to be robustwithmany other researchers recreating and expanding onhiswork.
Stoica& Flache (2014) create amodel that extends the idea of residential segregation to school segregationwith
families picking schools based on both distance and the existing racial mix at the school. Muldoon et al. (2012)
investigate the e�ects changing the utility function or the agents’ preferences have on the final segregation of
themodel. They found thatevenunder conditionswhereagentsprefer tobe ina smallminority, segregation still
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occurs when agents have partial information about their surroundings. Survey data showing real preferences
for has been used to show that while di�erent groups have di�erent preferences for neighbourhood make-up,
the real world preferences can be used in a Schelling segregation model that produces the results Schelling
predicted (Clark 1991).

2.4 However, real world neighbourhoods are more complicated with other factors than race. For example, in look-
ingat thehousehold surveydata, Clark (1991) note thatwhitehouseholdswill notdiscriminateagainst anumber
of equal status black households, showing that people not only take race into account but other factors such
as income and education as well. Clark & Fossett (2008) assert that other factor such asmultiple ethnic groups,
socioeconomic status, and urban and demographic conditions are needed to truly understand and investigate
residential patterns. These factors are not included in Schelling’s model. Even when only one factor is con-
sidered, a constant tolerance level, which is o�en used in Schelling type models, is unrealistic. For example,
Benenson et al. (2009) use surveys to investigate cases of wealthier households in poor neighbourhoods and
find that these wealthier households do not discriminate against their less wealthy neighbourhoods. In some
cases there are advantages of the poorer neighbourhoods such as lower house prices.

2.5 As the Schelling segregation model only considers a world with simplified features, work has been done to
expand the Schelling model to include other factors that influence neighbourhood selection. Fossett (2011)
includes not only race in his model but socioeconomic status as well, giving agents preferences for housing
quality, neighbourhood socioeconomic status and neighbourhood ethnic mix. Benenson et al. (2009) use tol-
erance to di�erent income levels as an agent variable in their model and allow it to change with the household
whenmodelling the segregation in Israeli cities.

Assessing theDegreeofClusteringbySocioeconomicStatus in IrishTowns

3.1 To determine if it is necessary to adjust amodel for clustering by socioeconomic status we first must determine
if there is evidence of the phenomenon in Ireland. We do not have data of the exact locations where individuals
of di�erent socioeconomic statuses live. However, the Property Services Regulatory Authority provides records
in theResidential Property Price Register on theprice of properties sold by address from2010 to thepresent day
(PSRA 2012). The Residential Property Price Register provides information including the date of sale, address,
county and price 1.

3.2 Over the past few years there has been emerging literature showing the relationship between property value
and socioeconomic status (Co�ee & Lockwood 2012). Moudon et al. (2011) found that neighbourhood wealth
measures such as property values had the potential to replace area-level socioeconomic statusmeasures. Cof-
fee & Lockwood (2012) found that a relative location factor based on property value can be used as a proxy
for socioeconomic status. Their study determined this factor can be used to enhance area level measures and
identify groupings within a given area. If we can consider house price as a proxy for socioeconomic status then
it should be possible to determine if clusters of households of the same socioeconomic status exist in Ireland
using the data.

Residential property price register data

3.3 For the purpose of finding clusters within the Residential Property Price Register we split the data into six sub-
sets by the sale price of the house. The first subset has the houses with prices in the lower 16.67% , the second
subset has houses from the second 16.67% and so forth. Table 1 shows the breakdown of prices for each subset
of the dataset.

Group Price Range
Housing Group 1 < 73,000
Housing Group 2 ≥ 73,000 and< 120,000
Housing Group 3 ≥ 120,000 and< 165,000
Housing Group 4 ≥ 165,000 and< 225,000
Housing Group 5 ≥ 225,000 and< 320,000
Housing Group 6 ≥ 320,000

Table 1: House Prices from PSRA (2012)

3.4 The entire data set was then geocoded using QGIS (2009) so that it could be loaded into Netlogo (Wilensky
1999a).
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Calculating dissimilarity in Irish towns

3.5 To determine the level of clustering that exists in a given region the dissimilarity index is used. The dissimilar-
ity index is a measure that determines the “evenness" of a population or the di�erential distribution of social
groups within a region which is composed of a set of areal units. It is a popular measure to determine the level
of segregation in a space. The dissimilarity index is presented by Massey & Denton (1988) as one of the main
measures todetermine segregation. It is alsousedby theUSCensusBureau indetermining levels of segregation
(Iceland et al. 2002). For the calculation of the dissimilarity index of a region the region is brokenup into smaller
spatial units call areal units. If any group is segregated then that group will be unevenly distributed. The index
produces a value between 0 and 1. The closer the value to 0 the more even and less segregated a region is and
the closer the value is to 1 the less even and more segregated a region is. The dissimilarity index is calculated
as:

3.6

D =

n∑
i=1

ti|pi − P |
2TP (1− P )

(1)

3.7 wheren is thenumberof areal units in the region the index isbeingcalculated for, ti is thenumberofhouseholds
in areal unit i, pi is the proportion ofminority households in areal unit i, T is the total number of households in
the region and P is the proportion of minority households across the whole population of the region (Massey
& Denton 1988).

3.8 As our model is run on Irish towns we calculated the dissimilarity index for two towns that we have used our
model for, Schull a small town inWest Cork and Tramore a town inWaterford. Schull has a population of under
1,000 and Tramore has a population of about 10,000. As the Residential Property Price Register data has only 29
houses sold in Schull and 166 sold in Tramore between January 2010 and February 2017, the dissimilarity index
was also calculated for Cork and Waterford cities to determine if the low numbers of houses sales in our target
towns a�ected the dissimilarity index.

3.9 To calculate the dissimilarity index for each town, we break the Netlogo environment up into square grids. This
is done by selecting a set of patches that will be the center of each square grid in Netlogo. Then the radius
function in Netlogo is used to select patches within a radius of 5 and 10 units of each center patch (1 unit equals
1 patch in the Netlogo environment and approximately 111 m3 in the real environment being simulated). The
radius of 5 produces areal units of 10 x 10 patches and the radius of 10 produces areal units made up of 20 x
20 patches. The square grids become our n areal units. As we are exploring the e�ects of clustering on the
model we use two di�erent radii to determine how the size of the areal units a�ects clustering. Because the
house price group that is in theminority might vary between towns, for each town the dissimilarity in that unit
is calculated for each house price group. For example, for the house in the first range pi becomes the proportion
of households in that unit that are in the same price range and P is the total proportion of households in the
same price range.

3.10 Table 2 shows the dissimilarity index for the two towns and two cities calculatedwith a radius of 5 and 10 units.
We investigated a number of other radii but only present results for two as we found a similar patterns and
results for all radii. It can be seen from the table that the dissimilarity index for Tramore is similar to that for
Waterford. Although there are some di�erences between the dissimilarity indices they are within a range that
could be explained by di�erent make ups in the towns. Schull, however, has larger di�erences in the less than
e95,000 range and thee95,000 toe165,000 range. This is likely to the limited number of houses in the data set
in those ranges. Thedissimilarity indices for the townsbasedonhousepricedatawill beusedasabenchmark to
compare the dissimilarity indices for our simulated towns based on socioeconomic status in order to determine
if randomly allocating agents to locations within a small area creates an appropriate distribution of agents by
socioeconomic status in the towns.

Modelling Irish Towns

4.1 This work is part of a larger project that is building large scale, high fidelity agent-based models of Irish towns
for epidemiological simulation. This section describes how these models are setup using publicly available
datasets, and compares the dissimilarity index scoresmeasured in themodels of the towns Schull and Tramore
with those calculated based on the PSRA. We then describe how the inclusion of a segregationmodel following
Shelling changes this. Schull and Tramore are chosen as they are two towns in Ireland where concentrated
measles outbreaks occurred. In 2012 therewere at least 30 confirmed cases ofmeasles in Schull in oneoutbreak
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Price Range Radius Schull Tramore Waterford Cork
< 73,000 5 0.250 0.385 0.359 0.311

10 0.481 0.319 0.316 0.259

≥ 73,000 and< 120,000 5 0.754 0.644 0.600 0.535
10 0.592 0.558 0.419 0.430

≥ 120,000 and< 165,000 5 0.846 0.682 0.626 0.499
10 0.885 0.529 0.464 0.351

≥ 165,000 and< 225,000 5 0.659 0.573 0.696 0.532
10 0.511 0.566 0.514 0.356

≥ 225,000 and< 320,000 5 0.584 0.766 0.782 0.581
10 0.627 0.682 0.647 0.445

≥ 320,000 5 0.616 0.882 0.808 0.656
10 0.565 0.937 0.723 0.513

Table 2: Dissimilarity index for each of the housing groups from PSRA (2012)

(Corner et al. 2012) and in 2013 there were approximately 20 confirmed cases of measles in Tramore in one
outbreak (O’Connor et al. 2016).

Calculating dissimilarity in the Basic TownModel

4.2 Our initial model is based on the model presented in Hunter et al. (2016), which was designed to model the
spread of an infectious disease in an Irish town using only openly available data2. The model utilizes small
area data from the central statistics o�ice to populate the town being modeled with agents (CSO 2014). To
populate themodel the number of households in each small area are added into the townand randomly placed
throughout the small area. Households are assignedahousehold type (single, couple, coupleplus others, couple
with children, single parent, or other), adult agents are added into the households and then assigned a sex
based on a probability distribution determined from CSO data. Agents are given an age based on another CSO
probability distribution for their sex and small area. Children are then added into households designated as
having children and given an age and sex. Agents are assigned an economic status based on age and a random
selection following the distribution of economic statuses in the small area for their sex. Agents over 65 are
assigned retired, children are assigned student, and other agents are assigned work, unemployed, looking for
first job, sick/disabled or stay at home. In addition to the characteristics given to agents in the Hunter et al.
(2016) model, we assign working agents a social class again based on CSO data. Social class is the CSO variable
used to capture socioeconomic status. Agents are assigned to the classes Professional workers, Managerial
and technical, Non-manual, Skilled Manual, Semi-skilled, and Unskilled. Households are then given the social
class of one of the adults in the house, the adult is randomly selected from all the adults in the household. For
household social class Skilled Manual and Semi-Skilled are combined into one group (Skilled/Semi-skilled) and
Unskilled is combined with unemployed individuals to create the Other group. The groupings are based o� of
thoseusedbyDoherty et al. (2014) in their analysis on thee�ects of socioeconomic statusonvaccination rates in
Ireland. Irish vaccination data is used to determine the percentage of each age group that received vaccinations
and this is adjusted based on socioeconomic status using the odds of having children vaccinated from (Doherty
et al. 2014). We also included a retired grouping that was not included in the research by Doherty et al. (2014).
Unoccupied households are also added into themodel. The number of unoccupied households in a small area
is taken from the census data and the households are randomly placed in locations in that small area. Agents
with an economic status ofwork are given aworkplace location and school locations are added into themodel.
Agentsmove betweenwork, school andwithin the community. At the start of themodel a set number of agents
are given the status of infected. The disease model is based on an SEIR compartment model. As the infected
agents move through the town they have a certain probability of infecting susceptible agents they come into
contact with (Hunter et al. 2016).

4.3 We initiate setup for ourmodel for both Schull and Tramore 100 times (each run will be slightly di�erent due to
random initialisation) and calculate the dissimilarity index for each of the household social classes each time
the model is initiated. We then find the average of the dissimilarity index across the 100 model setups. The
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(a) Figure 2a: The initial setup for the townof Schull. Thewhite boundaries are townboarders. Agents are color codedbased
on their socioeconomic status.

(b) Figure 2b: The initial setup for the town of Tramore. The white boundaries are town boarders. Agents are color coded
based on their socioeconomic status.

dissimilarity index is calculated twice for each town, once using areal units with a radius of 5 and once using a
radius of 10. Similar to how the dissimilarity index was calculated for the real housing price data, for each areal
unit the dissimilarity in that unit is calculated for each social class. Table 3 shows the averagedissimilarity index
for bothSchull andTramore for each social class. Figures 2aand2b show the initial setupof Schull andTramore.
Agents are color coded by socioeconomic status.

Social Class Radius Schull Tramore
Professional 5 0.378 0.223

10 0.354 0.202

Managerial and Technical 5 0.346 0.208
10 0.297 0.151

Non-Manual 5 0.357 0.205
10 0.297 0.312

Skilled/Semi-skilled 5 0.344 0.206
10 0.297 0.163

Retired 5 0.346 0.262
10 0.298 0.263

Other 5 0.359 0.212
10 0.309 0.168

Table 3: Starting dissimilarity index for each of the CSO social class groups

4.4 Although house prices and socioeconomic status are not an exact match from the literature we can assume
that house prices serve as a proxy for socioeconomic status. If randomly placing houses of di�erent social class
within a small area produces realistic neighbourhoods clustered by socioeconomic status wewould expect the
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dissimilarity indices from the real house price data set to be similar to the dissimilarity indices from themodel.
Comparing the values for the dissimilarity index for each social class from the initial setup of our model to the
values for the dissimilarity index for the house price ranges it can be seen that the dissimilarity indices from the
simulation are generally less than those coming from the real data. As the house prices and are not similar we
can conclude that even when using small area data an ABM that uses a random distribution of agents within
these areasdoesnot accurately portrayneighbourhood socioeconomic status and itmaybenecessary to adjust
the model to account for this. The only exception is the housing price range less than e95,000 in Schull has a
dissimilarity index of 0.167 when a radius of 5 is used compared to values of about 0.35 for all the social classes
from the simulation. The low dissimilarity index from Schull is likely due to small data samples.

Using a segregationmodel to better model dissimilarity

4.5 In order to account for clustering in neighbourhoods by socioeconomic status that we see in our house price
data set, but not from the initial setup of the ABM, we add an additional burn-in step into our model setup
process. Once themodel is populatedwith agents and all of the agents are assigned the appropriate character-
istics we give households the opportunity to move using a Schelling type segregation model. However, unlike
in Schelling’s models where race is used as the segregating factor we use social class. Each household in the
model has a social class assigned to it and householdswill seek to surround themselveswith households of the
same social class. To allow this households are given the opportunity to move to more attractive unoccupied
houses during the burn-in process.

4.6 The model is run on discrete time steps. Each household is considered at each time step. For each household,
if the proportion of neighbouring households with the same social class is below a pre-set tolerance level then
the household will move to a location with more neighbouring households matching its social class. If the
proportion of neighbouring households with matching social class is above the threshold the household does
notmove. Householdsmoving to new locations is enabled by the inclusion of unoccupied houses in ourmodel
setup process. When a household moves they move to the unoccupied house in their current small area with
the highest proportion of neighboursmatching their own social class. If a better location than their current one
is not available households do notmove. The burn-in process stops a�er a time step of no householdsmoving.

4.7 The burn-in process involves two parameters: neighbourhood size and a tolerance level for households of dif-
ferent social class. For neighbourhood size we use the same radii used for calculating dissimilarity (see Sec-
tion 2.9): 5 units and 10 units. The next section describes experimental results that are used for setting the
tolerance level.

4.8 Once the segregationmodel has stopped running, agents who are students are assigned to the school that is in
the closest distance to their house and the disease model can be run.

Results

5.1 This section presents the results from two experiments. First we look at how the dissimilarity index for the two
townschangesasweadjust the radius and toleranceof agents in themodel. The secondexperimentdetermines
how the clustering a�ects the results of the infectious disease ABM.

Using segregationmodelling tomodel socioeconomic clustering

5.2 In this section we report an experiment that tested whether the use of a socioeconomic segregation model
improved the calibration of an ABM in terms of making the dissimilarity index of the neighbourhoods within
the model a�er the segregation process has been run more similar to real data than the dissimilarity index
prior to the segregationmodel being run. In order to run a socioeconomic segregationmodel as part of an ABM
setup process we must set 3 hyper-parameters: the number of iterations the segregation model runs for (Due
to the stochastic nature of the setup, di�erent results can be obtained each iteration or run of the model. Each
iteration is a di�erent initial setup of the model. There is a burn-in process for each iteration which runs until
there no agents move in a single time step.), the tolerance level used in the model, and the radius used in the
model. To explore the interactions between the hyper-parameters of the segregation model and the e�ect of
the segregation model on the calibration of the model we: fixed the number of iteration to be 100 and set up
a grid search process where tolerance took the values from 0.1 through 0.7 and the radius parameter was set
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(a) Figure 3a: The setup for the town of Schull a�er the burn in has been implemented. The white boundaries are town
boarders. Agents are color coded based on their socioeconomic status.

(b) Figure 3b: The setup for the town of Tramore a�er the burn in has been implemented. The white boundaries are town
boarders. Agents are color coded based on their socioeconomic status.

to either 5 or 10. For each combination of hyper-parameters an ABM model of Schull and an ABM model of
Tramore was created and a socioeconomic segregation model burn-in process was run in the burn-in process.
A�er each iteration, the dissimilarity index for each social classwithin each townwas calculated and stored and
an average was taken across the 100 iterations. Figures 3a and 3b show the setup for Schull and Tramore a�er
the burn-inmodel. Clusters of households by color can be seen in both towns, however, as Tramore has a larger
population, the clusters are more distinct in Tramore.

5.3 Table 3 gives the average dissimilarity index for the managerial and technical social class for each of the com-
binations of tolerance and radii across the 100 iterations. Comparing the final dissimilarity index for each town
with the starting dissimilarity index and the real dissimilarity index based on housing price data, it can be seen
that the final dissimilarity index is closer to real dissimilarity index. Although we only present the results for
one of the social classes in Table 3, Figures 4 and 5 present the results for each of the social classes for Schull
and Tramore respectively. The plots in each figure show how the dissimilarity index changes as the tolerances

JASSS, 21(4) 9, 2018 http://jasss.soc.surrey.ac.uk/21/4/9.html Doi: 10.18564/jasss.3870



increases. Dashed lines are the starting dissimilarity indexwhile solid lines represent the final dissimilarity a�er
the burn-in process. This can be seen further in Tables 5 and 6. The two tables show the starting and ending dis-
similarity index for each social class in Schull andTramore respectively. Themodel used to find thedissimilarity
index for Tables 5 and 6 had a radius of 5 and a tolerance of 0.5.

5.4 Within a town the changes in the dissimilarity index based on tolerance and radius follow a similar pattern
for each social class. However, between Schull and Tramore the di�erences are greater. This is likely due to
the di�erence in size between the two towns. Tramore has ten times the population of Schull and thus more
households andagreater distributionof social classes. For both townsusing a radius of 5 results in higher levels
of dissimilarity than a radius of 10. However, for Schull the di�erence between the starting dissimilarity and
the dissimilarity is much greater for radius 10. As the tolerance increases for the Schull model the di�erences
between the dissimilarity for radius 5 versus radius 10 decreases. Formost social classes in the Tramoremodel,
as can be seen in Figure 4, the di�erence between results from radius 5 and radius 10 tend to be smallest using
a tolerance of 0.2 and 0.3 and then as the tolerance gets greater the di�erence increases.

Social Class Radius Tolerance Schull Tramore
Managerial and Technical 5 0.1 0.350 0.211

0.2 0.355 0.257
0.3 0.365 0.323
0.4 0.373 0.342
0.5 0.377 0.346
0.6 0.387 0.355
0.7 0.388 0.355

10 0.1 0.305 0.156
0.2 0.322 0.211
0.3 0.346 0.301
0.4 0.360 0.330
0.5 0.357 0.331
0.6 0.368 0.332
0.7 0.373 0.335

Table 4: Dissimilarity index for the Managerial and Technical CSO social class a�er segregation model burn-in
process using di�erent hyper parameters.

Social Class Starting Ending
Schull
Professional 0.286 0.391

Managerial and Technical 0.347 0.377

Non-Manual 0.358 0.386

Skilled/Semi-skilled 0.345 0.378

Retired 0.348 0.373

Other 0.360 0.390

Table 5: The starting and ending dissimilarity index for the all CSO social classes for Schull. Themodel used had
a tolerance of 0.5 and a radius of 5.

5.5 Although in both towns the simulation still provides a lower value for the dissimilarity index compared to the
house pricing data, we feel that the increase in value for the dissimilarity index especially for Tramore moves
towards amore realistic artificial society for our simulation. Themodel shows it is possible to use a segregation
type model as a step in the setup of an ABM to make the model more realistic. One of the factors causing the
di�erences in clustering could have to dowith the extra retired social group thatwe added. Thiswas done since
social class was based on employment status in our model. However, in reality the socioeconomic status of
retired individuals might be based on their socioeconomic status before retirement.
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Social Class Starting Ending
Tramore
Professional 0.223 0.334

Managerial and Technical 0.208 0.346

Non-Manual 0.202 0.343

Skilled/Semi-skilled 0.209 0.339

Retired 0.262 0.347

Other 0.210 0.346

Table 6: The starting and ending dissimilarity index for the all CSO social classes for Tramore. The model used
had a tolerance of 0.5 and a radius of 5.
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Figure 4: Schull results for di�erent levels of tolerance. The dashed lines are average initial dissimilarity index
while the solid lines are average ending dissimilarity index.

Assessing the impact of socioeconomic clustering on outbreakmodelling

5.6 Although it is useful to show that the segregation model does in fact lead to a model that includes socioeco-
nomic clustering, it is important to determine if it has an e�ect on our infectious disease model. If clustering
agents by socioeconomic status has no e�ect on the results of the final epidemiological model it will not be a
useful addition. In order to determine what influence the clustering has on the end results of the model, the
infectious disease model was run 100 times with the socioeconomic segregation model as the final steps in
setup. For the socioeconomic segregation model a radius of 5 is used with a tolerance of 0.5. The model is run
for both Schull and Tramore and results are compared to model runs without clustering. Tables 7 and 8 show
the summary of the results across the 100 runs for Schull and Tramore respectively.

5.7 Comparing the results for Schull it can be seen that the distribution of total number of infected cases is sim-
ilar for both the runs with and without clustering. In fact the clustering leads to a smaller median and mean
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Figure 5: Tramore results for di�erent levels of tolerance. The dashed lines are average initial dissimilarity index
while the solid lines are average ending dissimilarity index.

Schull No Clusters Schull Clusters
Minimum 1 1
1st Quartile 2 1.75
Median 18 12.5
Mean 19.57 16.67
3rd Quartile 29.25 26.25
Maximum 68 84

Table 7: Distribution of total infected agents across the 100model runs for Schull

Tramore No Clusters Tramore Clusters
Minimum 1 1
1st Quartile 2 2
Median 79.5 96.4
Mean 85.97 110.7
3rd Quartile 150.25 212.2
Maximum 322 497

Table 8: Distribution of total infected agents across the 100model runs for Tramore

compared to results with no clusters. Tramore, however, shows a greater di�erence between the runs with and
without clusters. With the clusters themagnitude of the outbreaks are greater. This can be further seen looking
at the histograms in Figures 6 and 7. The histograms show the distribution of the number of agents infected in
the outbreak. When comparing runs with and without clustering for Schull, there is a noticeable di�erence in
runswith a small numberof agents infected. Including clustering leads to analmost 10% increase in thenumber
of runs with 0-10 agents infected in the outbreak compared to models without clustering. The Tramore distri-
bution when clustering is included shows a higher percentage of runs with a larger number of agents infected
compared to the distribution when clustering is not included.

5.8 The results are not completely unexpected as Schull is a small low density town and the segregation model
does notmake a large di�erence in the level of socioeconomic clustering. For example, fromTables 3 and 4, the
dissimilarity index for themanagerial and technical social classwith a radius of 5 is 0.346before the segregation
model and 0.377 a�er the segregation model. This is compared to the Tramore where the dissimilarity index
before the segregationmodel is 0.208anda�er is 0.346. Thus itmakes sense that the segregationburn inmodel
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Figure 6: Distribution of total infected agents across the 100model runs for Schull.
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Figure 7: Distribution of total infected agents across the 100model runs for Tramore.

does not have much of an influence on the outcome of the infectious disease model for Schull but does have
an e�ect on Tramore. Intuitively the greater magnitude of the Tramore outbreaks also makes sense as in the
clustered Tramore model, agents with similar vaccination rates are living closer together and thus interacting
more leading tomore infections. Since students choose the closest schools to their home that should also lead
to increased infections if students with the lower vaccination rates due to their socioeconomic status attend
the same schools. As Tramore has multiple schools for students to attend while Schull only has one primary
and one secondary school this could also be a factor as to why there is less of a di�erence between the Schull
runs. The increase in the number of runs with smaller outbreaks in the Schull model with clustering could be
a result of the clustering leading to communities within Schull with a higher overall vaccination rate resulting
in the outbreak ending sooner in those communities due to a lack of susceptible individuals. The results show
that the socioeconomic segregation model can have an e�ect on the outcome of the model.

Conclusion

6.1 Our model successfully used a segregationmodel to create more realistic distribution of socioeconomic status
within small areas in order to setup our ABM. Through using house price data we determined that clusters by
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socioeconomic status exist in Ireland and that by randomly placing households within a small area we did not
capture the correct level of clustering. Not having the appropriate mix of socioeconomic status could have an
e�ect on an infectious diseasemodel as the overall neighbourhoodhealth and vaccination level of a neighbour-
hood has an e�ect on individual health.

6.2 Not only have we shown that we can use a segregation model as a step in the setup of our ABM for infectious
diseases butwe have determined that clusters of individuals by socioeconomic status can have an e�ect on the
outcome of the overall model. While Schull does not show this e�ect, we believe this is due to characteristics of
the town. A small townwith less than 1,000 residentsmaynothaveenoughofa sampleof individuals indi�erent
socioeconomic groups for clustering to make a di�erence. In addition, we feel that the school settings should
have a large impact on the results of the model. If a school is located in an area that has lower vaccination
rates an infectious disease might spread through the school quicker than if there was an equal distribution
of vaccination rates within the school. As there is only one primary and one secondary school in Schull the
distribution of vaccination rates will not change regardless of the level of clustering. The increased magnitude
of outbreaks in the Tramore runs lead to the conclusion that socioeconomic clustering can result in a di�erent
outbreakpattern. Tramorehas amuchgreater population that Schull, with just under 10,000 residents allowing
more distinct cluster of agents by socioeconomic status to form and allowing the spatial distribution of agents
to contribute to the model results. Thus leading to the conclusion that socioeconomic distribution should be
considered as a factor in an agent-basedmodel for infectious diseases.

6.3 More work can be done to investigate how a di�erent radius or tolerance will a�ect the results of the model
and how the results fromother towns besides Schull and Tramore are influenced by including clustering. Other
extensions to themodel could include running something similar to the segregationmodelbutwithworkplaces.
Agents are currently randomly assigned to work places without regard to social class. A segregation model for
work assignment couldmakeamore realistic ABM. In addition as both towns are small futurework should focus
on the feasibility of scaling the burn-in to larger towns and cities and how socioeconomic clustering might be
di�erent or have a di�erent influence on outbreaks in a denser population.

6.4 It is impossible to make a direct comparison between the house price data set, used to determine if clustering
exists, and the simulated socioeconomic data set due to data availability. The data desired to create amodel is
not always available. For example, while we can find house prices for sold houses we do not know the charac-
teristics of the individuals living in those houses. In addition, we have information on individual characteristics
but not have their houseprices or exact location. We feel that tomove forward in the field of ABMs it is necessary
to take limited data and use assumptions, such as the comparison between house prices and socioeconomic
status, to fill in the gaps of available data.

6.5 In addition, it should be noted that while the dissimilarity index is ameasure commonly used to determine the
level of clustering, it has some disadvantages. It is measured using non overlapping areal units and clustering
across areal units is not taken into account with this measure. As an initial exploration into clustering within
small areas, and because we are looking for clustering within and across the small areas (each small area has
an accurate distribution of households by socioeconomic status before the burn-in model) we feel that the
measure gives an acceptable comparison of the clustering before and a�er the burn-in. However, further work
canbedoneusingother spatialmethodsof clustering suchas autocorrelation thatmight prove the resultsmore
robust.
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Notes

1https://www.propertypriceregister.ie/website/npsra/pprweb.nsf/page/ppr-home-en
2The model can be found on the Netlogo website using the following link http://ccl.northwestern.

edu/netlogo/models/community/town_model_burnin
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