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Abstract. In this paper, we compare the impact of two 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 Africa. While the 

developed agent-based models are constrained by evidence wherever possible, 

little or no evidence is available about individualsô choice of partners in the 

region and their sexual behaviour. Since we have to depend on plausible 

assumptions, we decided to study different sexual mixing schemes and their 

effect on the formation of sexual networks. We report on first results on some 

fundamental network signatures and discuss the resulting HIV/AIDS prevalence 

as a macro-level output of the simulation. 

Keywords: heterosexual networks, HIV/AIDS spread, agent-based modelling 

1   Introduction 

The structure of sexual networks is critical for understanding the diffusion of sexually 

transmitted diseases (STDs) such as HIV/AIDS. Epidemiologists regard sexual 

interaction among heterosexual individuals as the primary cause of high HIV 

prevalence in Sub-Saharan Africa [5, 14]. However, very few empirical studies exist 

that report on the nature of sexual networks in an African community and study its 

features. The study by Helleringer and Kohler [5] on Likoma Island, Malawi, is one 

such exception. Topology and dynamics of a sexual network depend upon the cultural 

context of the respective society. Tendency of clustering, mixing behaviour and the 

variation in the sexual contacts are important determinants of the network and have 

significant implications in the spread of the STDs [10, 19]. 

This paper discusses two feasible mechanisms to model the formation of a sexual 

network. Each of these sexual mixing schemes comprises of a set of rules and 

assumptions that characterize sexual interactions among individuals in a simulated 

society. We have applied these schemes in the evidence-driven agent-based models 

developed in the context of a case study, which aims to understand the socioeconomic 

impact of HIV/AIDS in the village of Ga-Selala, in the Limpopo Province, South 

                                                           
1 Supported under EU FP6 Project CAVES ï http://caves.cfpm.org 



Africa [21]. The two models are a declarative model and a procedural model.  The 

procedural model uses Repast2 while the declarative model represents agents with 

logic-like rule bases and uses both Repast and JESS3 inference engine. A detailed 

description of the procedurally implemented model can be found in [1]; its enhanced 

epidemiological component is discussed in [2]. Moss [12] describes some of the key 

aspects of the declarative model.  

In terms of outputs, procedural models naturally yield numerical series whilst 

declarative models yield both numerical series (usually at aggregated levels) and 

qualitative data at individual level. The question we address in this paper is whether 

different implementations ï in our case declarative vs. procedural programming ï led 

to qualitatively different model results. In the case of the models reported in this 

paper, we present initial comparisons concerning changes in the sexual networks and 

the prevalence of HIV/AIDS over time. 

In the following sections, we present the two sexual mixing schemes implemented 

the procedural and declarative agent-based models. As the population changes over 

the course of the simulation, so do the sexual network characteristics. HIV is spread 

both horizontally and vertically (mother to child) in the models.  

2 Specification for Two Sexual Mixing Schemes  

Modelling dynamic social networks requires a mechanism for sexual mixing of the 

agents. Sexual behaviours and preference for choosing a sexual partner heavily 

depends upon the social norms of the community [3]. For our case study, we have 

implemented two sexual mixing schemes: one based on agentsô aspiration and 

quality4, and the other based on the endorsement mechanism as discussed by Moss 

[11]. We assume a traditional society where males take the first step in a sexual 

partnership. Thus, male agents look for potential partners whereas female agents may 

accept or reject the courtship offers. Both schemes prohibit incest and inbreeding in 

the population. 

Formation of sexual networks takes into account that people may have several 

concurrent sexual partners. The only exception is married female agents, who do not 

take part in extra-marital sexual relationships. Since same-gender partnerships are 

more or less taboo in the case study area, the models consider heterosexual 

relationships only. The resulting sexual networks are therefore two-mode networks 

with males and females forming the two distinct sets of nodes. 

2.1 Scheme based on Simple Aspiration and Quality Measure 

In this scheme, we assign aspiration and quality (ñattractivenessò) log-normally to 

agents when they are created (cf. [5, 12]). If the number of current partners is lower 

than his upper limit a male agent of age between 16 and 55 looks for a female 
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between 14 and 40 whose attractiveness exceeds his aspiration level. He then sends 

her a courtship offer. Female agents evaluate all offers received during the current 

time step. All offers from agents whose attractiveness is below their own aspiration 

level are rejected immediately. From the remaining suitors a female agent will choose 

the best and accept his offer. The criteria to determine the best sexual partner change 

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 on the rules outlined by Jin et al. [7] for 

evolving clustered networks. There is also 5-10% chance for picking a female as 

potential partner at random. As the agentsô search is dependent upon their friends and 

friends-of-friends circles, there is high likelihood that the potential partner is of 

similar age. 

Agents without partners have their aspiration level successively decreased after a 

particular waiting time. For those satisfied with their current sexual partner(s), the 

aspiration level is updated incrementally. This is a simplified version of the original 

aspiration and choice criteria as described in [6, 17, 18].  

From the anecdotal accounts of the villagers, we know that it takes about 1-2 years 

before a couple gets married. Since a male has to offer lobola (bride price) to the 

femaleôs household before marriage, the marriage of the couple may further be 

delayed [1]. We initialize each agent with a maximal courtship duration sampled from 

a lognormal distribution with the minimum and maximum cut-off values as 12 and 36 

months. The model then updates the courtship duration time (i.e. the time for dating 

until an agent decides to marry) for agents as they age during simulation. 

2.2 A Scheme Based on Endorsements 

The declarative model makes use of so-called endorsements and individual tags in the 

agentsô decision-making. One can consider endorsements as labels used which agents 

use to describe certain aspects of other agents5. The model incorporates both positive 

labels like is-kin, is-neighbour, same-church, is-friend, similar, reliable, capable and 

negative labels like unreliable, incapable or untrustworthy. Some endorsements are 

static in that, once applied, they do not change over the course of the simulation (e.g. 

is-kin), while others are dynamic and may be revoked or replaced according to an 

agentôs experiences [20]. All agents use the same list of endorsements but differ in 

how they assess them. 

To do so, agents rely on a so-called endorsement scheme, which associates each 

label with a weight to express how much store an agent sets by this particular aspect 

of a person. Weights are modelled as integer numbers between 1 and n for positive 

labels and ī1 and īn for negative labels, respectively. This allows for computing an 

overall endorsement value for a person, applying the following formula: 
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declarative model. 
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where b is a number base and wi the weight of the i
th
 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 for n and b.  

The overall endorsement value allows an endorsing agent to choose the preferred 

one(s) among 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. These tags are used to compute a similarity index (the number of similar 

tags), which in turn is used to generate ñsimilarò and ñmost-similarò endorsements. 

Agents then compute the endorsement value for all known other agents and choose 

the ones with the highest values as their friends.  

In case of the sexual network, endorsement values are used 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 endorsement value is 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 considered sexually active. Males of this age group 

look for potential partners among the siblings of friends, work colleagues and the 

social groups they belong. When they encounter a female adult, they find attractive 

(see above) they make a pass at her, modelled as sending her a partner request.  

Females evaluate all requests received at the same time and pick the best of the 

ñapplicantsò if (i) their overall endorsement value is higher than the femaleôs 

threshold and (ii) in case they already have a certain number of current partners, if 

this applicantôs endorsement value is higher than the lowest 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 of the partners or ï in 

absence of detailed knowledge about real reasons ï are broken up randomly. The 

number of current partners influences the probability applied and the personôs age; it 

is highest for young people with a maximum number of concurrent partners. 

3 Simulation Results 

In this section, we compare the results from the two sexual-mixing schemes 

introduced above: the first based on aspiration and quality (scheme-1) and the second 

based on endorsements (scheme-2). A typical run for each scheme is presented 

comprising of 35 (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 macro-level measures. 

Scheme-1 is part of the procedurally implemented model using Java/Repast while 

scheme-2 is part of the declarative model, which also makes use of Jess. Both models 

use the probabilities of HIV transmission reported by Wawer et al. [19]. The chance 

for mother-to-child HIV transfer was assumed as 30% [14]. Finally, both models were 



initialized with detailed household composition data derived from RADAR
6
 surveys 

in the Sekhukhune District, South Africa. 

3.1 Characteristics of the Simulated Heterosexual Networks 

Heterosexual networks are by construction two-mode and exhibit distinctive 

signatures different from other social and sexual networks. Typical signatures for 

heterosexual networks include spanning-tree like structure, large geodesic distance 

and diameter for any two connected pairs of nodes, low density and low clustering [3, 

16]. Another important characteristic of heterosexual networks is the existence of 

very few cycles (i.e. 4-cycles and cycles of higher order).  

As the study of an empirical heterosexual network [3] shows, spanning-tree like 

structures and few cycles reflect the influence of a bias in partner selection, which is 

not observable in random mixing schemes [8, 9]. Large geodesic distance and 

diameter of the network also reflect that a majority of the individuals (nodes) may not 

be aware of othersô sexual links in the population. In the case of HIV spread, being 

linked in a long chain of people can drive the prevalence much faster.  

Figure 1 shows snapshots of the sexual networks resulting from the two schemes 

taken in the middle and towards the end of the respective simulation runs. As can be 

seen, the networks from both schemes exhibit the characteristic spanning-tree like 

structures and few cycles. In addition, a number of 3-stars and dyads can be found. 3-

stars are indicative of promiscuous behaviour (as are the spanning-tree 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 networks we calculated some basic 

characteristics for every sixth month using Pajek7. Membership 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 overall density for both networks. The decline in network 

density for scheme-1 coincides with the decline in the overall population size (see 

Figure 7). On the other hand, the stable population in the first 20 years for scheme-2 

enables sexually active agents to form more concurrent partnerships than in scheme-1. 

The weekly time step used in the declarative model (scheme-2) as opposed to the 

monthly time step in the other model (scheme-1) might influence this outcome as 

well. We will need to investigate this further. 

Comparing the relative size of the largest network component depicts volatile 

effects in both cases (Figure 3). However, scheme-1 shows a relatively higher 

proportion than scheme-2. This can be explained by a chance, albeit small, for male 

agents to 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 distribution of componentsô sizes, 

which we will aim for in future work. 
 

                                                           
6 The RADAR IMAGE study ï Intervention with microfinance for AIDS and gender equity 

<http://web.wits.ac.za/Academic/Health/PublicHealth/Radar/> 
7 http://vlado.fmf.uni-lj.si/pub/networks/pajek/ 



 

Figure 1: Snapshots of the heterosexual networks resulting from scheme-1 (top), taken at the 

21st and 33rd year, and scheme-2 (bottom), taken at 21st and 35th year. 
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Figure 2: Network density: dashed line represents scheme-1 and solid line scheme-2. 
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Figure 3: Percentage size of the largest component in the network: dashed line represents 

scheme-1 and solid line scheme-2. 
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Figure 4: Geodesic distance of the networks: dashed line represents scheme-1 and solid line 

scheme-2.  
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Figure 5: Diameter of the networks: dashed line represents scheme-1 and solid line scheme-2.  

Figure 4 depicts the geodesic distance for any connected pair of individuals and 

Figure 5 shows the diameter of the two networks. Unsurprisingly, scheme-2 exhibits a 



much lower geodesic distance due to the higher density of the network. Similarly, the 

diameter of the network for scheme-1 is generally higher since the size of its largest 

component is usually greater than for the network of scheme-2. It shows that scheme-

1 has more long óchainlikeô structures as observed by [3] although we do not know if 

similar characteristics are found in our case study region as well. As both schemes do 

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

on the outcome of these network statistics. As next steps, 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 two different sexual-

mixing schemes have different outcomes on the macro level. It is interesting to 

observe clustered volatility in the time series of the network characteristics as shown 

in the previous section. This effect, however, is not significant in the prevalence of 

HIV/AIDS and the population size as 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 agents have been 

initialized as HIV-positive at the start of the simulation, based on the current 

HIV/AIDS prevalence in the case study region. While in the case of scheme-1 

prevalence progresses slowly it quickly reaches about 23% in the case of scheme-2. 

The higher density of the sexual network and the time scale of the declarative model 

can explain this effect. New 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 reaches a plateau of about 20% around the 15
th
 year (month 

180). In contrast, with scheme-1 the prevalence shows a significant drop between 

months 225
 
and 275 (year 18-23) and then climbs again.  
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Figure 6: HIV/AIDS prevalence over 35 years for a typical simulation run: dashed line 

represents scheme-1 and solid line scheme-2. 

Typically, the spread of an epidemic is characterized by the rise in prevalence, 

followed by a decline and then attaining equilibrium for some time. Scheme-2 shows 

this characteristic of the curve while scheme-1 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 size over 35 years for a typical simulation run: dashed line represents 

scheme-1 and solid line scheme-2. 

4 Conclusion and Outlook 

Evidence-driven modelling of the spread of HIV in the Sub-Saharan region requires 

extensive fieldwork, clinical trials and involvement of the local stakeholders. Sexual 

interaction among promiscuous heterosexual partners has been identified as the 

primary cause of HIV/AIDS prevalence in the region. This involves individualsô 

sexual preferences, migration and the role of commercial sex workers. In the absence 

of detailed empirical data, any individual-based 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 mechanism on the 

resulting sexual network and overall simulation outcomes. 

In this paper, we have presented a preliminary investigation of the implications of 

using two different sexual mixing schemes in agent-based models, which are 

constrained by evidence wherever possible. As next steps, we will compare the two 

models in order to determine if their numerical outputs share statistical characteristics 

by applying non-parametric tests such as Kolmogorov-Smirnov and Wilks-Shapiro 

[22]. If they do, we will  have more confidence that scaling up one model can give 

insights into the effects of scaling up the other model. This is part of our effort to 

develop our understanding of the underlying phenomena in a bottom-up fashion (see 

[13] for further discussion).  
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