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Abstract. In this paper, we compare thénpact oftwo sexual mixing schemes
on the characteristics of the resulting sexual networks and the spread of
HIV/AIDS. This work is part of our studying social complexity in the
Sekhukhune district of the Limpopo province in South Adrigvhile the
developedagentbasedmodels areconstrained by evidencgherever possible,
little or no evidence is available about individd@athoice of partnersin the
region and their sexudbehaviour Since ve have to depend on plausible
assumptionsye decided to study different sexual mixing scheraad their
effect on the formation of sexual network&e report orfirst results orsome
fundamentahetwork signatures and dissutheresultingHIV/AIDS prevalence
as a macrgdevel output of the simulatio
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1 Introduction

The structure of sexual networks is critical fmderstanding the diffusion of sexually
transmitted diseases (STDsuch as HIV/AIDS. Epidemiologists regarexsial
interaction among heterosexual individuals as the primary cause of Hiigh
prevalence in Sutbaharan Africa [5, 14 However, very few empirel studies exist

that report on the nature of sexual networksn African cormunity and study its
features.The stidy by Helleringer and Kohler [%n Likoma Island, Malawiis one

such exceptionTopology and dynamics of a sexual network depend upon the cultural
contextof the respective societyendency of clustering, mixing behaviour and the
variation in the exual contacts are important determinants of the network and have
significant implicationsn the spread of the STD%(Q, 19].

This paper discusses tWeasible mechanisms to model the formation of a sexual
network. Each of these sexual mixing schemempises of a set of rules and
assumptions that characterize sexual interactions among individuals in a simulated
society.We have applied these schemes in the eviddngen ajentbased models
developed in the context ofcase stug, which aims to understd the socioeconomic
impact of HIV/AIDS in the village of G&aSelala, in the Limpopo Province, South

1 Supported under EU FP6 Project CAVE8ttp://caves.cfpm.org



Africa [21]. The two models are a declarative model and a procedural mathel.
procedural model uses Repagthile the declarative model represents agewith
logic-like rule basesand uses both Repast and JE8ference engineA detailed
description of the procedurally implemented model can be foufit];iits enhanced
epidemiological componers discussed ifi2]. Moss [13 describes somef the key
aspects of the declarative model.

In terms of outputsprocedural models naturally yield numericsdries whilst
declarative models yield both numerical series (usuallpgarregated levels) and
qualitative data at individual levelhe question we addrefs this papelis whether
different implementations in our case declarative vs. procedural programriiteg
to qualitatively different model result$n the case of the models reported in this
paper we present initial comparisons concerning changébdrsexuahetworks and
the prevalence of HIV/AIDS over time.

In the following sectionswe present the two sexual mixing schemeplemented
the procedural and declaratiagentbased modsl As the population changes over
the course of the simulation, so the sexual network characteristiddlV is spread
both horizontallyandvertically (mother to childlin the moded.

2 Specification for Two Sexual Mixing Schemes

Modelling dynamic social networks requires a mechanism for sexual mixing of the
agents. Seaual behaviours and preference for choosing a sexual partner heavily
depends upon thsocial norms of the community J[3For ourcasestudy, we have
implementedtwo sexual mixingschemesone based on agentsod aspira
quality’, and the other based one endorsement mechanism as discussed by Moss
[11]. We assume araditional society where males take the first step in a sexual
partnershipThus,male agents look for potential partnerkereasfemale agerstmay
accept or reject the courtship oeBoth schemes prohibiincestand inbreeding in
the population.

Formation of sexual networks takes into account that people may have several
concurrent sexual partnershe only exceptions marriedfemale agerst, whodo not
take part in extranarital sexualrelationships Since samgender partnerships are
more or less taboo in the castudy area the moded considerheterosexual
relationshipsonly. The resulting sexual netwarkaretherefore twemode network
with males and females forming the two distisets of nodes.

2.1 Scheme based on Simple Aspiration and Quality Measure
In this scheme, we assign aspiration and qudhattractivenesy log-normally to

agens when they are creatddf. [5, 12). If the number of current partnersiasver
than his upper Imit a male agentof age between 16 and 36oks for a female

2 Repast Agent Simulation Toolkithttp://repast.sourceforge.net/
3 JESS (Java Expert System Shelhttp://www.jessrules.com/jess/
4 Built upon the scheme originally proposedTiydd and Billari 18]



between 14 and 4®hose attractiveness excedus aspiration levelHe then sends
her a courtship offer. Female agents evaluate all offers received during the current
time step. All offers fromagents whose attractiveness is betbeir own aspiration
level are rejected immediately. From the remaining suitors a female agent will choose
the best and accept his offd@ihe criteria to determine the besstxual partnechange
with age [2].For instance, young female agents prefer males of similar age, while
more mature female agents may prefer unmarried employed suitors.

Agents search for sexual partners mostly among their friends and acquaintances.
The friendship network is dynamic and based orrtifes outlined by Jin et al7] for
evolving clustered networks. There is alsd®% chance for picking a female as

potential partneatrandom As t he agentsdé search is dependent
friendsof-friends circles, there is high likelihdothat the potential partners of
similar age.

Agentswithout partnershave their aspiration levaluccessivelydecreasedfter a
particular waiting time For those satisfied with their current sexual partner(s), the
aspiration level is updated incremdhtaThis is asimplified version of the original
aspiration and choice criterés described if6, 17, 18.

From the anecdotal accounts of thiéagers,we know thait takesabout 12 years
before a couplagets married Since a male has to offéwbola (bride price) to the
femal ebs household before marriage, the marria
delayed [1]. We initialize each agent wiaimaximal courtship duration sampled from
alognormaldistribution with theminimum and maximum cutff values & 12 and 36
months. The model then updates the coiptsliration time (i.e. the time for dating
until anagent decides to marrfgr agents as they age during simulation.

2.2 A Scheme Based on Endorsements

The declarative model makes use ofcstled endorseents and individual tags in the

a g e mecisidnmaking One can considemelorsements as labels usghlich agents

useto describe certain aspects of other agefitse model incorporates both positive
labels like iskin, is-neighbour, samehurch, isfriend, similar, reliable, capable and
negative labels like unreliable, incapable or untrustworthy. Some endorsements are
static in that, once applied, thdg notchange over the course of the simulation (e.g.
is-kin), while others are dynamic and may be ke or replaced according to an

a g e rexpériences [0 All agents use the same list of endorsements but differ in
how they assess them.

To do so, agents rely on a-salled endorsemerscheme, whictassociates each
label with a weight to express how nhustore an agent sets by this particular aspect
of a person. Weights are modelled as integer numbers betweennlfangositive
| abel s ainntbr neghtivealabels, respectively. This allows for computing an
overall endorsement value for a person, applying the following formula:

5 Endorsements wererdit devised by Paul Cohe#] [as a device for resolving conflicts in rule

based epert systems. Scott Moss [Linodified and extended their use within a model of
learning by social agents. This latter version of endorsements has been adapted for the
declarative model.
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whereb is a number base a the weight of thé™ label. Agents are assigned
random endorsements schemes at creation, which differ not only in the weights they
assign to the labels but also in the values used &mdb.

The overall endorsement value allows an endorsing agent to choose the preferred
one(s) amng a number of endorsees. To form the friendship network, for example,
agents first determine which other agents are similar to themselves. This is based on
abstract tags (to model character traits), which are assigned randomly to agents at
creation. Thes¢ags are used to compute a similarity index (the number of similar
tags), which in turn is usieri Itaor 0g eenred cartsee niiesnitnsi. |
Agents then compute the endorsement value for all known other agents and choose
the ones with the highegalues as their friends.

In case of the sexuahetwork, endorsement values aused to model the
attractiveness of potential partners. A male individual finds a female attractive if (i)
she is of the same age or younger and (ii) her overall endorseahgats higher than
a certain threshold particular to the male individual. We thus assume that partner
choice is biased by a preference for particular attributes.

Adults between 15 and 64 are consideseruallyactive. Males of this age group
look for pdential partners among the siblings of friends, work colleagues and the
social groups they belonivhen they encounter a femaeult, they find attractive
(see above) they make a pass at her, modelled as sending her a partner request.

Females evaluate lalequests received at the same time and pick the best of the

Afapplicantso if (i) their overall endor sement
threshold and (ii) in case they already have a certain number of current partners, if
this appl i cavalueishiglentian thesl@avest endorsement value of the

current partners. In this case, the current partner with the lowest endorsement value is
dropped, thus ending their sexual relationship.
Relationships otherwise may end due to marriage of one gbateers ofi in
absence of detailed knowledge about real reasoase broken up randomly. The
number of current partners influences the probability apgliedd t he personédés age;
is highest for young people with a maximum number of concurrent partners

3 Simulation Results

In this section, we compare the results from theo sexuaimixing schemes
introduced abovehe firstbased on aspiration and quality (schelhendthe second
based on endorsements (schetheA typical run for eachschemeis presergd
comprising of35 (simulation years We apply typical network signatures to compare
the structure of the resulting sexual networks and look at HIV prevalence and
population size as relevant madevel measures.

Schemel is part of the procedurally ingrnented model using Java/Repast while
scheme? is part of the declarative model, which also makes use ofBetsmodels
use the probabiiis of HIV transmission reported by Wawer et al9][1The dance
for motherto-child HIV transferwasassumed asiB%6 [14]. Finally, both models were



initialized with detailedhousehold compositiodata derived fronRADAR® surveys
in the Sekhukhune District, South Africa

3.1 Characteristics of the Simulated Heterosexual Networks

Heterosexual networks are by constrooti twomode and exhibit distinctive
signaturesdifferent from othersocial and sexual networks. Typical signatures for
heterosexual networks include spannirgge like structure, large geodesic distance
and diameter for any two connected pairs of nodesdensity and low clustering [3,
16]. Another important characteristic of heterosexual networkthesexistence of
very few cycles (i.e. 4¢ycles and cycles of higher order).

As the study of an empirical heterosexual network [3] shopanringtree like
structuresand few cycleseflect theinfluence of a bias in partner selectiavhich is
not observable in random mixing schemes B Large geodesic distance and
diameter of the network also reflect that a majority of the individuals (nodes) may not
beaware of other sd s e xlothd case oHiVKspread,beingphe popul at i
linked in a long chain of people can drive the prevalence much faster.

Figure 1shows snapshotsf the sexual networks resulting frotime two schemes
takenin the middle ad towards the end of the respective simulatiamsr As can be
seen, the networks from both schemes exhibit the characteristic sp&eeinike
structures and few cyclem addition, a number of-8tars and dyads can be fouB.
stars are indicative ofpromiscuous behaviour (aare the spannindree like
characteristics of the larger components) while dyads may include married couples
where the male was unable to find another female sexual partner.

To compare the differences of the two simulated netsvari calculated some basic
characteristics for every sixth month using Pajéldembership in the simulated
sexual networks requires the individuals to have at least one sexual partner (married
or unmarried) at a particular time step.

Figure 2 shows the oval density for both networks. The decline in network
density for schemé coincides with the decline in the overall population size(
Figure7). On the other hand, the stable population in the first 20 years for s¢heme
enables sexually active agetsform more concurrent partnerships than in schéme
The weekly time step used in the declarative model (sct®nas opposed to the
monthly time step in the other model (schememight influence this outcome as
well. We will need to investigate thiarther.

Comparing the relative size of the largest network component depicts volatile
effects in both case¢Figure 3. However, schemé& shows a relatively higher
proportion than scherr2 This can be explained by a chance, albeit small, for male
agents @ randomly pick a female partner. This may result in merging two or more
smaller components into one large connected component. A more significant measure
of comparison would probably be the complete d
which we will aim forin future work.

6 The RADAR IMAGE studyi Intervention with microfinace for AIDS and gender equity
<http://web.wts.ac.za/Academic/Health/PublicHealth/Ragar/
7 http://vlado.fmf.unilj.si/pub/networks/pajek/



Figure 1. Snapshots of the heterosexual networks resulting from schepop), taken at the
21%and 3% year, and scherr (bottom), taken at 2Yand 3%' year.
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Figure2: Network density: dashed line represesitkemel andsolid line scheme2.
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Figure 3: Percentage size of the largest component in the netlashed line represents
schemel andsolid line scheme.

20

18 Iil
?16 i ¥ T
= | i L f
8 14 } f
5 |
;12 Il“ ": I”‘i"{ :lll "\ K ;l il‘ \ ,l‘
o A
8 v
%s‘-\,".!‘:‘\-'a"l\i"',/’l.'\’ ! > ""’\; H
[a) \ | LY 1 11 |
A AT A o ¥ | ‘
EEPRIAN /\‘/\v ) A A WA\-
3 NN
V)

N WAIV YN/

o

o 5 10 15 20 25 30 35 40 45 50 55 60 65 70
Time steps (six monthly)

Figure 4: Geodesic distancef the networls: dashedine representschemel andsolid line

scheme2.
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Figure5: Diameter of the netwoskdashedine representschemel andsolid line scheme?.

Figure 4 depicts the geodesic distance #ory connected pair of individuals and
Figure 5shows the diameter of the two networldaisurprisingly, schemg exhibitsa



much lower geodesic distance due to the higher density of the network. Similarly, the
diameter of the network for scherfieis generally higher since the size of its largest
component isisuallygreaterthan for the network of schenie It shows that same

1 has mor e | on gsaéd abbeavedrbfB]ialkheugh we tornat &rtow if e
similar characteristics are found in our case study region asAgefiothschemes do

not assume a fixed population size, the size of the network is also ainfajence

on the outcome of these network statistics. As rseps,we will investigate the
subgraph characteristics for comparing networks of different sizes.

3.2 HIV/AIDS Prevalence

As expected, the different network structures arising from the tverelift sexual
mixing schemes have different outcomes on the macro level. It is interesting to
observe clustered volatility in the time serieghd network characteristics as shown
in the previous sectiorThis effect, however, is not significant in theeyalence of
HIV/AIDS and the population sizas shown in Figures 6 and 7 respectively

Figure 6 shows the prevalence of HIV/AIDS over 35 years for the two sexual
mixing schemes at a monthly scale. In both cases, a number of hgeetdeen
initialized as HIV -positive at the start of the simulatiobased onthe current
HIV/AIDS prevalence in the case study region. While in the case of seheme
prevalenceprogresses slowly it quickly reaches about 23% in the case of s¢heme
The higher density of the seal network and the time scale of the declarative model
can explain this effect. &v cases of HIV (via sexual transmission per coital act and
external incidence among migrants) are introduced at a weekly basis. After a short
decline,the prevalence reachesplateau of about 20% around thé"3&ar (month
180). In contrast, with scheniethe prevalence shows a significant drop between
months 22%nd 275 (year 123) and then climbs again.
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Figure 6: HIV/AIDS prevalenceover 35 years fora typical simuléion run dashed line
representschemel andsolid linescheme2.

Typically, the spread of an epidemic is characterized by the riggewalence,
followed by a decline and then attaining equilibrium for some time. Scizeshews
this characteristic fothe curve while schemg shows more volatility. As both



simulations were run for only 35 years, it would be interesting to investigate whether
the prevalence stabilizes in the next 50 years for the two cases.
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Figure 7: Population sizeover 35 years foa typical simulation rundashediine represents
schemel andsolid line scheme2.

4  Conclusion and Outlook

Evidencedriven modelling ofthe spread oHIV in the SubSaharan region requires
extensive fieldwork, clinical trials and involvement of the losi@keholdersSexual
interaction among promiscuous heterosexual partneas been identified as the
primary cause of HI V/ A1l DS prevalence i
sexual preferensemigrationand the role of commercial sex workelrs the absence
of detailedempirical dataany individuatbased modelling of the spread of HIV has to
depend on plausible assumptions regarding the sexual behaviour of the population. It
is therefore important to investigate the effects of a chosen model menhamithe
resulting sexual networknd overall simulation outcomes.

In this paper, we haveresented preliminary investigatiorof the implications of
using two different sexual mixing schemes agentbased modek, which are
constrained by evidee wherevepossible.As next steps, we wikompare the two
models in order to determirietheir numerical outputs share statistical characteristics
by applying nonparametrictests such a&olmogorov+Smirnov and WilksShapiro
[22]. If they do, wewill havemore confidence thagcaling upone model can give
insightsinto the effects of aling up theother model This is part of our effort to
develop our understanding of the underlying phenoniemabottorup fashion (see
[13] for further discussion).
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