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Abstract 

In Europe, higher education was mostly a male domain until the 1970s. Since then, the 

gender gap has decreased and by now, women largely excel men in terms of educational 

attainment. Education is known to affect various forms of reproductive behaviour, such as 

union formation and union dissolution. However, to date we know little about how the 

reversal of gender inequality in education (from here on RGE) might have affected these 

behaviours. With this paper, we provide one of the first steps towards filling this lacuna. We 

develop an agent-based computational model that enables us to study the mechanisms that 

link RGE to patterns of assortative mating across European countries. 

Our model builds on the notion that mate search is an adaptive process. In this view, 

individuals have aspirations for partners with certain characteristics. These aspirations 

develop and change in response to experiences on the marriage market. For instance, 

individuals who fail to find a partner of similar age with a desired tertiary degree might lower 

their aspirations and might become willing to accept partners with lower educational degrees 

or partners who are considerably older. We argue that this process, in combination with 

individuals’ preferences for the education, age, and earnings potential of prospective partners, 

has created complex dynamics that link RGE with patterns of assortative mating on each of 

the three dimensions. Our model enables us to asses this proposition with analytical rigor. It 

also enables us to assess the relative impact that each preference might have had on observed 

patterns of assortative mating. 
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ASSORTATIVE MATING AND THE REVERSAL OF GENDER INEQUALITY IN 

EDUCATION IN EUROPE – AN AGENT BASED MODEL 

Over the last decades, Europe has witnessed dramatic changes in the relative 

educational attainment of men and women. Until the 1970s, higher education was mostly a 

male domain. Since then, the gender gap has decreased and by now, women largely excel 

men in terms of participation and success in higher education (Schofer & Meyer, 2005). 

Education is known to affect various forms of reproductive behaviour, such as union 

formation and union dissolution (Lutz, Cuaresma, & Sanderson, 2008). However, to date we 

know little about how the reversal of gender inequality in education (from here on RGE) 

might have affected these behaviours (Van Bavel, 2012). In this paper, we provide one of the 

first steps towards filling this lacuna. We develop an agent-based computational model that 

enables us to study the mechanisms that link RGE to patterns of assortative mating across 

European countries. 

Assortative mating is the “nonrandom matching of individuals into relationships” 

(Schwartz, 2013: 452) and can be based on various individual characteristics. Esteve et al. 

(2012) recently provided first insights into the effects that RGE might have had on 

educational assortative mating. Education is a particularly relevant characteristic, because it 

strongly affects individuals’ access to valuable resources. A non-random matching of partners 

based on education therefore can lead to an unequal distribution of resources across couples 

and thereby can increase social inequality (Blossfeld, 2009). In 20
th

-century Europe, the 

dominant pattern of assortative mating has been educational homogamy combined with 

female hypergamy and male hypogamy. That is, women have tended to marry men who were 

at least as highly educated as themselves, whereas men have tended to marry women who 

were at most as highly educated as themselves (Van Bavel, 2012). Esteve et al.’s results 

suggest that RGE might have changed this pattern by shifting the relative prevalence of 
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female hypergamy and hypogamy. That is, Esteve et al. showed that in countries in which the 

gender gap has become lower or has changed to the advantage of women, female hypogamy 

has increased relatively to female hypergamy. 

The findings of Esteve et al. (2012) are instructive and illustrate the important 

implications that RGE might have had for patterns of assortative mating in Europe. However, 

the correlational nature of the evidence leaves open what causal mechanisms might underlie 

the observed association. To gain insights into these mechanisms, we follow the lead of 

earlier research on human mating behaviour and make use of agent-based computational 

(ABC) modelling (Billari, Ongaro, & Prskawetz, 2003; Todd, Hills, & Hendrickson, 2013). 

ABC modelling allows us to test conceptual frameworks of how population-level mating 

patterns might have emerged from the behaviour of the individuals that make up these 

populations. In particular, ABC modelling enables us to ‘turn on and off’ certain aspects of 

human mate search and thereby allows us to assess how certain preference structures relate to 

macro level patterns of assortative mating (cf. Epstein & Axtell, 1996). 

In developing our model, we draw on recent work by Van Bavel (2012), who suggested 

that patterns of assortative mating might be the result of individual partner preference 

structures that encompass multiple characteristics, such as education and age. In this view, 

the interplay between these preferences might affect multiple dimensions of assortative 

mating. To illustrate such interplay, consider the following thought experiment. Due to RGE, 

highly educated women born in recent cohorts experience a lack of similarly educated men 

within their own age groups. If women would prefer a similarly educated partner but were 

indifferent about his age, they might try to satisfy this preference by looking for a mate in 

older cohorts, in which highly educated men are relatively abundant. If a substantive number 

of women were able to find a partner in these cohorts, RIGE might have little effect on 

educational assortative mating, but might lead to an increase in age heterogamy to the 
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disadvantage of women. However, it is known that often there are limits to the age difference 

that women are willing to accept in their partners (e.g., England & McClintock, 2009). This 

can create conflicting pressures for women, given that they somehow need to trade-off 

preferences for education and age during partner search. Contingent on how women deal with 

this trade-off, RGE might have affected both patterns of educational assortative mating and 

patterns of age homogamy. 

In line with Van Bavel’s (2012) reasoning, our model centres on the notion that mate 

search is an adaptive process (Simão & Todd, 2002). In this view, individuals have 

aspirations for partners with certain characteristics. These aspirations develop and change in 

response to experiences during the search process. In developing the model, we partly draw 

on existing models that also centre on the notions that human mate selection is an adaptive 

process (Simão & Todd, 2002, 2003; Todd, Billari, & Simão, 2005; Todd & Billari, 2003; 

Todd & Miller, 1999) and that  humans select their partners based on multiple characteristics 

(French & Kus, 2008). Our focus is on the characteristics education, age, and earnings 

prospects. We selected these dimensions because they have been shown to be important 

selection criteria during partner search (Boxer, Noonan, & Whelan, 2013; e.g., Buss & 

Barnes, 1986; Buss, Shackleford, Kirkpatrick, & Larsen, 2001; Skopek, Schulz, & Blossfeld, 

2010), and because assortative mating on these dimensions has received much attention in the 

sociological literature (e.g., Kalmijn & Flap, 2001; Kalmijn, 1998; Mare, 1991; Schwartz, 

2010). 

In what follows, we first discuss the theoretical background of our model and describe 

its main elements. Next we present the outcomes of systematic computational experiments. 

We close with a discussion and outlook for future research. 
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BACKGROUND 

Our model is based both on insights from empirical research and on insights from 

earlier modelling work. First, a large number of studies suggest that individuals tend to 

evaluate potential partners on multiple dimensions and the differences in the import that men 

and women tend to attach to some of these dimensions is comparatively stable across time 

and across cultural contexts (e.g., Buss et al., 1990, 2001). Given a set of preferences, both 

men and women often require prospective partners to meet minimal standards on the 

characteristics they perceive as particularly important. If prospective partners fail to meet 

some of these aspirations, even outstanding qualities on other characteristics often cannot 

compensate for these shortcomings. Women, for example, have been found to attach import 

to the earnings prospects of their partners and require that potential suitors meet some 

minimal standard on this characteristic; only when this standard is met, they also consider 

dimensions for which they have no such minimal standards (cf., Li & Kenrick, 2006; Li, 

2007; Li et al., 2013; Li, Bailey, Kenrick, & Linsenmeier, 2002). Based on these insights, we 

assume that agents have preferences for partners with certain qualities on several important 

characteristics (i.e. education, age, and earnings prospects), and that outstanding qualities of a 

prospective partner on some of these characteristics cannot make up for shortcomings on 

other characteristics. 

Second, our selection of the characteristics education, age, and earnings prospects is 

based on the insight that these characteristics typically rank high in importance both in the 

responses to survey items by individuals and in the results of studies that try to uncover 

preferences from observed mating behaviour (e.g., Boxer et al., 2013; Skopek et al., 2010); 

furthermore, they have been theorized to play an important role in the changes that RGE 

might induce (Van Bavel, 2012). Based on earlier research, we assume that both male and 

female agents prefer partners with similar educational backgrounds and prefer partners with 
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high earnings prospect (e.g., Buss et al., 1990, 2001; Skopek et al., 2010). By contrast, we 

assume that male agents prefer young partners (regardless of their own age), whereas female 

agents prefer partners who are somewhat older than themselves (e.g., England & McClintock, 

2009). We do not model other characteristics that might affect partner selection; for 

simplicity, we assume that these characteristics are not systematically associated with the 

characteristics that we model and thus can be treated as noise in the modeling process. 

Third, earlier modelling work has identified several behavioural principles that together 

can generate key characteristics of macro level mating patterns. Our model incorporates some 

of these principles to increase the match between the dynamics that our model generates and 

the dynamics that occur in the real world. More specifically, we assume that agents engage in 

courtship periods in which they date potential partners while looking for better alternatives 

(e.g., Simão & Todd, 2003). During this period, they can get to know each other better, while 

minimizing the opportunity costs from bonding permanently with somebody who might not 

be a perfect fit. If no better alternative comes along, they form a permanent bond (i.e. they 

marry) with their current partner. Furthermore, we assume that agents experience subjective 

pressure to find a permanent partner, and this pressure increases over their life course (cf. 

French & Kus, 2008). More specifically, pressure increases with age and this increase is 

stronger for female than for male agents. The stronger pressure becomes, the less selective 

individuals become in choosing a partner and the more willing they become to accept 

partners who do not meet their all their aspirations. 

The outcome that we focus on is assortative mating in terms of education, age, and 

earnings prospects in married couples in which the female partner is married for the first 

time. We aim at studying the link between this outcome and the relative educational 

attainment of men and women, as well as the structures of earnings potentials among men 

and women over time. 
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MODEL 

Agents and Their Characteristics 

Our model simulates the process of union formation in discreet time steps and all time 

related elements are expressed in these steps; ten time steps represent one year. The model 

starts with a population of M male and F female individuals, which are represented by agents 

i. Each agent can be described by its gender gi (male or female), its age ai (measured in time 

steps), the highest educational level that it will ever attain si ( { }0,1, 2,3
i

s ∈ ), its earnings 

prospects yi ( { }1, 2, ,10
i

y ∈ … ), its relationship status ri (single, dating, or married), and the 

number of time steps it is already in a relation with its current partner ci (ci > 0 if i is dating or 

married; ci = 0 if i is single).
1
 The implementation of agents’ highest educational level and 

earnings prospects is aligned with the data that we use to initialize agent cohorts (see the 

section ‘Creating Agent Cohorts’ for details).  

Agents enter the model with ai = 0, but only start dating (i.e. enter the marriage market) 

after 160 time steps (Adating = 160). This corresponds to an age of 16 years in real life. Until 

this age, agents are considered adolescents and are not viewed as potential partners by others. 

They are thus excluded from the dating process described below. From the moment they 

reach the age of ti = 160, they are considered adults and take part in the dating processes. 

Partner Preferences 

Agents try to find permanent partners who have a high subjective mate value vij, which 

is determined by preferences for the education, age, and earnings prospects of partners. We 

assume that both male and female agents prefer partners who have a similar educational 

                                                           
1
 We use the letter s for representing education (derived from the word ‘schooling’) instead of e to avoid 

confusion with earnings potential, and with the exponential function that in math is represented by this letter and 

to avoid confusion with the characteristic ‘earnings prospects’. For the same reason, we use the letter Y for 

representing agent’s earnings potentials. 
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background and high earnings prospects. By contrast, male agents prefer young partners 

regardless of their own age, whereas female agents prefer partners who are somewhat older 

than themselves. We implement these gender specific preferences by  
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. (1) 

In Eq. (1), Smax, Ymax, and Amax are the maximal education, earnings prospects, and age 

that agents can attain. The parameter σ governs for female agents how much older an ideal 

partner should be. The parameters ws, wy, and wa govern the importance that male and female 

agents (indicated by superscript m and f) attach to each of these characteristics. For both male 

and female agents, when ws > 0, the more similar a potential partner j is in terms of 

educational background, the higher i perceives j’s mate value. Furthermore, when wy > 0, the 

higher the earnings prospects of a potential partner, the higher is this agent’s mate value in 

the eyes of i. Finally, for male agents, when m

aw  > 0, the mate value of potential partner 

decreases with its age; for female agents, when f

aw  > 0, the mate value of potential partners is 

maximal when they are σ time steps older and decreases when they are younger or older than 

this ideal age. 

Eq. (1) only contains preferences for characteristics that are central to our research 

interest. We assume for simplicity that other mating relevant characteristics are uncorrelated 

with these characteristics and can be treated as noise. We implement this assumption by 

modelling dating and mating decisions stochastically, as discussed in the following sections. 

Meeting, Dating, and Mating 

In each time step, adult agents can meet other adult agents (somebody new, or 

somebody they have already met in the past). The probability that this happens depends on 
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how long they are already in a relation with their current partner, if they have one. More 

formally, the probability that agent i meets another agent in the current time step (P(i meet)) 

is determined by 

 
( )

P( ) ic
i meet e

β−
=  . (2) 

In Eq. (2), β is an exogenous factor that determines the effect that the time that agent i 

is already in a relation with its current partner (ci) has on the probability that i will meet 

somebody. From here on, we refer to β also as the ‘intimacy factor’. When β > 0, the longer a 

given agent is already in its current relationship (i.e. the larger ci becomes), the less likely the 

agent becomes to meet others. This decrease accelerates with increasing values of β. Note 

that for single agents, ci is always 0; the probability that they will meet somebody is therefore 

always 1. 

If it has been determined that agent i will meet somebody in the current time step, one 

member j of the adult agent population of the opposite gender is randomly selected with a 

probability proportional to P(j meet) over this set.
2
 

Whenever two adult agents meet, both decide whether they want to start dating the 

respective other. Dating means here that they begin a serious relationship that might lead to 

marriage. Single agents consider any other agent as a potential partner. By contrast, agents 

who are currently in a relationship only consider those as potential partners whose subjective 

mate value is higher than the subjective mate value of their current partner (i.e. when

alternative partner

ij ij
v v>  ).  When both are willing to date, they become partners and enter a 

relationship (and leave possible current relationships). However, when at least one of them is 

not willing to date, they will not date and both remain single (or remain with their current 

                                                           
2
 In practice, the interaction partner was not selected from the entire adult population of the opposite gender. 

Instead, we drew a random sample of 50 members of the opposite sex, and then select the interaction partner 

proportional to P(j meet) across this smaller set. This approach greatly reduced computation time. 
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partner if they have one). The probability that a given agent is willing to date a given 

potential partner j (P(i date j)) is determined by 

 
( )( ) ( )

P( ) 1 i ij i
a v c

i date j e e
κ β− −

= −  .  (3) 

In Eq. (3), κ is an exogenous factor that governs the effect that the age of agent i (ai) 

has on its willingness to start a relationship with somebody else. From here on, we refer to κ 

also as the ‘age pressure factor’. In general, the probability that agents are willing to date 

somebody else increases with their age (ai) at a given value of κ (when κ > 0) and this effect 

is stronger for potential partners with higher subjective mate value (vij). Note again that for 

single agents, ci is always equal to zero. For such agents, the second term of Eq. (3) is 

therefore always equal to 1. As a consequence, all that matters for their willingness to start 

dating somebody is this their own age (ai) and the subjective mate value of the potential 

partner (vij), in combination with the age pressure factor (κ). By contrast, for agents who 

currently have a partner, the value of ( )P i date j is attenuated by the time they are already in 

the relationship (ci), in combination with the intimacy factor (κ). This applies to both agents 

who are only dating their partner and agents who are married to their partner. This implies 

that divorces are possible and that agents can remarry. 

The longer a given agent is already dating, the more willing it becomes to marry and 

thus to propose marriage to its current partner. From the moment in which agent i (or j) 

proposes marriage to its partner j (i), the proposal remains intact until j (i) also proposes to i 

(j), or until of them terminates the relation (e.g., due to death). If both are willing to marry 

each other (i.e. if both propose), they get married. We model the probability that agent i 

becomes willing to marry its current partner j (P(i marry j)) by 

 
( )( ) ( )( )P( 1 1i ij i
a v c

i marry j) e e
κ β− −

= − −  .  (4) 
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Eq. (4) holds that older agents are generally more willing to marry their partners (i.e. 

they are more likely to propose marriage), and this willingness increases with the mate value 

of their partner (vij), with the length of their relationship (ci), with the age pressure (κ), and 

with the intimacy factor (β). 

Death and Reproduction 

Agents leave the population either when they die or when they reach the maximal age 

of Amax = 600, which corresponds to the age of 60 years in real life. We remove agents at the 

age of 60, given that in reality only a very small share of individuals experience their first 

marriage above this age; they are also very unlikely to be the first marriage partners of others. 

Before this age, there is a certain probability that a given agent will die in the current time 

step, and this probability increases convexly with its age. More specifically, the probability of 

death in a given time step is determined by 

 
max max

max

P(

dw

iA a A
i death) d

A

 − − 
=  

 
 ,  (5) 

where d is a factor that determines the maximum probability of death at the age of 60 and wd 

governs the shape of the function. 

For each agent who dies or leaves the population because it has reached Amax, one new 

agent of the same gender is created that enters the simulation in the next simulation step with 

ai = 0. 

With this approach for modelling death and reproduction, we make the simplifying 

assumptions that population size remains stable over time, that there are no differences in 

mortality between men and women, and that the relative numbers of men and women at birth 

are balanced and do not become systematically imbalanced over time. 
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Creating Agent Cohorts 

We initialize the distribution of educational degrees (si) and earnings prospects (yi) of 

agent populations based on empirical data. For initializing agent cohorts in terms of si, we 

used data provided by the International Institute for Applied Systems Analysis/Vienna 

Institute of Demography (IIASA/VID; KC et al., 2010; Lutz, Goujon, KC, & Sanderson, 

2007). The IIASA/VID provide reconstructions (from 1970 until 1995) and projections (from 

2000 until 2050) of the distribution of educational attainment for a large number of 

countries.
3
 Educational attainment is recorded based on the international standard for coding 

educational degrees (ISCED), grouped into four categories.
4
 We used this information to 

directly initialize agent cohorts. 

An example helps illustrating this procedure. Assume that the simulation process starts 

with a population born in the year 1941. According to the IIASA/VID data shown in Table 1, 

in 1975, of those men born between 1941 and 1945 in Belgium (i.e. of those who were 30-34 

years old in 1975), about 22% had attained first or second stage tertiary education (ISCED 

codes 5 and 6). Five years later, this value had increased to about 23%. Based on this 

information, male agents who enter the simulation between 1941 and 1945 are assigned a si 

value of 3 with probability .22. Male agents who enter the simulation about 5 years later (i.e. 

about 50 simulation steps later) are assigned a si value of 3 with probability .23. 

–Table 1 here– 

                                                           
3
 We use the global education trend (GET) scenario for projections. 

4
 Coded as 0 = no education, 1 = ‘pre-primary education’ / ‘primary education or first stage of basic education’ 

(ISCED codes 0 and 1), 2 = ‘lower secondary’ / ‘second stage of basic education’ / ‘post-secondary non-tertiary 

education’ (ISCED codes 2, 3, and 4), 3 = ‘first stage of tertiary education’ / ‘second stage of tertiary 

education’(ISCED codes 5 and 6). 
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For initializing agent cohorts in terms of yi, we used data from the cross-sectional 

version of the European Union Statistics on Income and Living Conditions (EU-SILC).
5
 The 

EU-SILC is particularly attractive for our purposes, given that it is a representative household 

survey that provides information about respondents’ (and their partners’) education, annual 

income, and recent labour history. This enabled us to reconstruct differences in earnings 

prospects for those European countries that are included in the survey. 

Based on earlier research on earnings trajectories and life-time earnings potentials (e.g., 

Björklund, 1993; Blomquist, 1981; Haider & Solon, 2006; Klevmarken, 1982; Rosen & 

Taubman, 1982),  we focused on the annual net income in the year prior to the year of the 

survey of men and women in the age range 35 to 50 years who were not retired or self-

employed in this period; the income of individuals who did not work was coded as 0. Our 

focus on the age range 35 to 50 years is based on the insight that income during this period 

tends to be a good predictor of individuals’ life-time income. Based on this selection 

criterion, Table 2 provides an overview of the number of observations broken down by 

country, five-year cohort, gender, and educational level. We used two (i.e. tertiary vs. lower 

than tertiary) instead of four educational levels, to avoid that cell counts become too low. To 

increase reliability and prevent biases due to random fluctuations, in our analysis we 

excluded cells that had less than 100 observations and imputed the information as described 

below. 

–Table 2 here– 

We operationalized respondents’ earnings prospects as their income relatively to the 

income of the top earnings category (i.e. the lower boundary of the top income decile in the 

observed data) of members of their own five-year birth cohort, expressed in ten categories (1 

= earns up to 10% of the income of the top earnings category, 2 = earns 10% to 20%, …, 10 

                                                           
5
 Survey years 2004 to 2010 
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= earns more than 90%). Focusing on relative income has the advantage that we do not need 

to explicitly model changes in nominal income over time (Bosworth, Burtless, & Steuerle, 

2000). Furthermore, we categorize respondents’ income relatively to members of their own 

five-year birth cohort, rather than to all 35 to 50 year old respondents, given that current 

income is a good estimator of individuals’ earnings trajectory relatively to individuals who 

are in the same phase of their life, but not relatively to older or younger individuals. The 

reason is that older individuals tend to earn more than younger individuals. Thus, even if two 

individuals are on exactly the same trajectory, the fact that their income is located at different 

stages of this trajectory might lead to the incorrect conclusion that they are on different 

trajectories. 

 Based on this operationalization, we first estimated separately by country, gender, and 

educational level the likelihood that respondents fell into one of the 10 earning prospects 

categories. We did this by means of a multinomial logistic regression model in which we 

included respondents’ five-year birth cohort as a continuous variable to be able to capture 

trends over; we also included its squared value to capture potentially non-linear trends.
6
 Next, 

based on the estimates obtained in the multinomial logistic regression, we constructed 

hypothetical distributions of earnings prospects for cohorts that are not included in the EU-

SILC data, but which we model in our simulations. We also used these estimates to construct 

distributions of earnings prospects for those cells in Table 1 that we had removed due to 

lower numbers of observations.
7
 

Figure 1 provides an example of the outcome that the foregoing procedure generated. 

The figure suggests that during the period for which there is observed data, in Belgium there 

was a trend among highly educated women towards higher relative income (which we 

                                                           
6
 In these variables, each cohort was represented by the middle of the respective five-year interval. 

7
 We applied weights both when calculating the top income decile and when estimating the regression model. 
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assume to indicate increasing earning potentials in this demographic groups over time), 

whereas there was a trend towards lower relative income among highly educated men. The 

multinomial regression model projects this trend into the future, for cohorts for which no 

observational data is available yet. 

–Figure 1 here– 

We used the information illustrated in Figure 1 for initializing agent cohorts similarly to 

the data on education. For example, assume that there is a female agent who enters the 

population in simulation year 1956 and who has been assigned an educational level of si = 3 

(i.e. a tertiary degree). According to the data shown in Figure 1, in Belgium, about 9% of 

women with a tertiary degree born between 1956 and 1960 fell into the earnings prospect 

category 10. Based on this, there is a probability of .09 that the agent will be assigned the 

value yi = 10 at the day of its birth. Note that the reduction to two educational categories in 

the estimation process means that all agents with si < 3 have the same probability to be 

assigned one of the ten categories of yi 

Scheduling of Simulation Steps 

Each time step/simulation step consists of the following sub-steps: 

1) Increase agents’ age (ai), and the relationship times (ci,) of those agents who 

currently are in a relation (either dating or married), by 1 

2) Select agents randomly one at a time (without replacement) and  

1. Determine whether and whom they meet in the current time step
8
 

2. If a given agent meets another agent, determine for each of them whether 

they want to start dating the respective other 

                                                           
8
 Given that this is determined for each agent successively, agents can meet more than one other agent in each 

time step. 
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3. If both agents want to date, remove possible relations with current partners 

and create a new relation between them 

3) For all agents who currently are dating somebody, determine whether they want to 

propose marriage to their current partner. 

4) Wed agents who both proposed marriage to each other 

5) Determine for each agent whether it dies at the end of the current simulation step or 

leaves the population because it has reached the maximal age 

6) Replace each agent who leaves the population by one agent of the same gender 

When a given simulation run is initialized, there cannot be any relations among the first 

set of agents that have developed through mating behaviour. To produce more realistic 

starting conditions, we initialized each simulation run with a burn-in phase of 120 years (i.e. 

1200 simulation steps, which represents two full agent life-cycles). This phase begins with 

creating M male F female agents, for which there is a 40% probability that they are in the 

adolescent phase (i.e. the value of ti is randomly drawn from the range 0 < ai < Adating) and a 

60% probability that they are in the adult phase (i.e. the value of ti is randomly drawn from 

the range Adating < ai < Amax). This creates an age-structure that is roughly similar to the 

contemporary age structure in Europe. As we discuss below, we simulated mating decisions 

between the years 1941 and 2010. The education and earnings prospects of initial agents, and 

of all other agents born during the burn-in phase, is based on the distributions for the five-

year cohort born in (1935-1940]. Once the burn-in phase is over, the simulation proceeds as 

described above, starting in the year 1941. 

COMPUTATIONAL EXPERIMENTS AND RESULTS 

Experimental Design and Outcome Measures 

ABC modelling allows us to ‘turn on and off’ certain aspects of human mate search and 

this enables us to assess how a given preference relates to macro level patterns of assortative 
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mating. We made use of this in the following way. We created a benchmark model in which 

we implemented preference structures that we had selected based on both insights from 

earlier research and on model exploration (see details below). In line with the elements of Eq. 

(1), we refer to the this model as the SYA-model, indicating that agents select partners based 

on preferences for education (S), earnings prospects (Y), and age (A). Using this as a starting 

point, we created six different versions of the SYA-model in which we ‘turned on’ on only a 

selection of these preferences. We refer to these models by omitting the letter relating to the 

preferences that are turned off (i.e. S-model, A-model, Y-model, SA-model, SY-model, AY-

model). Additionally, we created a model in which we turned of all preferences. In this 

model, mating occurs purely at random and this makes this model a useful baseline against 

which to assess how much a given preference as contributed to patterns of assortative mating, 

over and above the effects of mere chance processes. We refer to this mode as the R-model. 

The following parameterization was the same in each model. There were M = F = 400 

agents that started dating at the age of Adating = 160 and left the population at the age of Amax = 

600. Based on insights from earlier research and based on model exploration, we used the 

gendered specific age-pressure factors κ
 male

 = .00125 and κ
 female

 = .25. This means that 

female agents earlier feel an increasing urge to find a partner. We used a gender neutral 

intimacy factor of β = .015. This means that both female and male agents become similarly 

attached to their partners over time. We assumed that the probability that a given agents dies 

in a given simulation year increases convexly (i.e. wd = 1.5) up to 2.5% (d = .0025, which 

amounts to 2.5% when it is applied in each of the ten time steps of a simulation year) at the 

maximal age (i.e. at Amax = 600) and we assumed that women prefer partners who are σ = 25 

time steps (i.e. 2.5 years) older. 

Between the different versions of the model, we varied parameters as shown in Table 3. 

We selected parameters as to reflect known differences in the relative importance than men 
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and women tend to attach to these characteristics. That is, women tend to attach more import 

to both the education and their earnings prospects than men (Buss & Barnes, 1986; Buss et 

al., 1990, 2001), which is implemented by the fact that m

sw  < f

sw and m

y
w < f

y
w . In the case of 

wa such an interpretation is not possible, given that the equations for men differ in this aspect. 

We based the exact magnitude of these parameters on preliminary model explorations in 

which we systematically varied all parameters orthogonally to each other. 

–Table 3 here– 

To assess how well the benchmark model approximates observed patterns of assortative 

mating in terms of education, age, and earnings prospects, we relied on empirical data 

provided by the European Social Survey (ESS)
9
 and the EU-SILC.  

The ESS provides information about respondents’ current marital status, their education 

(measured in ISCED categories), the education of their partner, their age, the age of their 

partner, and whether they were ever divorced. Based on this, we were able to inspect patterns 

of assortative mating in terms of education and age in couples in which at least one partner 

(the respondent) was married for the first time at the time of the survey. That is, we focused 

on respondents who were never divorced before and classified their educational attainment 

similarly to the classification use for initializing agent cohorts. Based on this, we categorized 

couples into three types (homogamic, female hypergamic, female hypergamic) and compared 

the shares of these couples in a given cohort to their shares in the corresponding cohorts in 

our simulation outcomes. To align our simulation model as closely as possible to the time 

frame that the ESS covers, we simulated the period 1940 and 2010 (the time the last wave 

considered here was collected). Next to this, we also used the ESS to assess the average age 

difference in within couples (his age minus her age). 

                                                           
9
 Waves 1 to 5, collected between 2002 and 2010. 
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As discussed earlier, the EU-SILC provides detailed information about the income of 

respondents and their partners. This enabled us to asses assortative mating in terms of 

earnings prospects within married couples (operationalized as discussed above). Yet, when 

interpreting this result, we need to keep in mind that the EU-SILC does not provide 

information about the order of the marriage at the time of the survey (i.e. first marriage vs. 

higher order), which makes it impossible to only focus on respondents who were married for 

the first time at the time of the survey. In both datasets, we focused on respondents who were 

born in the cohorts (1940-1950], (1950-1960], and (1960-1970]. 

Our model implements general tendencies in human mate search and we treated each 

country as an independent marriage market. Across countries, we should thus expect a good 

fit between simulated and observed outcomes. However, within countries historical 

idiosyncrasies might have affected observed mating patterns, next to these general 

tendencies. To avoid over-fitting of our model based on such idiosyncrasies, we focused on 

averaged outcomes across countries, rather than on outcomes country by country. Per 

country, we conducted one simulation run. 

Results 

Figures 2 to 7 show the outcomes that our model generated, in direct comparison to the 

patterns observed in the ESS. Figures 2, 3, and 4 show the average shares of female 

hypergamic, homogamic, and female hypogamic couples. The observed data show that there 

was a trend of decreasing hypergamy to the benefit of homogamy and female hypogamy. In 

general, the shares of heterogamic couples are much lower, and the shares of homogamic 

couples are much higher, than our model based on random matching (R-model) would 

predict. The version of our model that contained preferences for education, age, and earnings 

potentials (SYA-model) captures these trends well with only small deviations from the 

observed data.  Also the model in which only preferences for education matter comes close to 
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the observed patterns, but tends to overestimate the share of homogamic couples and tends to 

underestimate the share of female hypogamic couples. By contrast, both the model that only 

includes age preferences and the model that only includes preferences for earnings potentials 

provide predictions that are close that that of the R-model. Taken together, the results suggest 

that according to our model, preferences for age and earnings potential might have 

contributed to the patterns of educational assortative mating that we can observe.  

–Figures 2, 3, and 4 here– 

Figure 5 shows the results regarding average age differences within couples. In general, 

the observed age difference is much lower than what the R-model would suggest (about 6 to 8 

years lower). The reason for this high difference in the R-model is the fact that agents who 

lose their partner due to death at a late age have little difficulty in finding a partner who is 

willing to marry them. Given that younger agents are relatively less likely to currently be in a 

marriage than older agents (simply because they had not had enough time yet to find a 

partner), younger agents are relatively more available for older agents for remarriage, which 

leads to a large age difference (remember that we focus on first marriages among women; the 

age difference estimated in the R-model is almost the same from the perspective of men who 

marry for the first time).The figure also suggests that again the SYA-model is able to emulate 

observed patterns of age homogamy, with an average overestimation of about .6 years. 

Similar to the case of educations, the model that includes preferences on all dimensions 

provides a better fit than the model only includes preferences for age. This suggests that 

preferences for education and earnings potential might have contributed to observed patterns 

of age homogamy. 

–Figures 5 here– 

Figure 6 suggests a more complex pattern when it comes to mating patterns in terms of 

earnings potentials. The figure shows that in the EU-SILC data, over time homogamy on this 
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dimension has decreased to the disadvantage of women. The simulation model that includes 

preferences on all three dimensions (SYA-model) captures this trend well for the cohorts of 

women born between 1950 and 1970. However, for the cohort born between 1940 and 1950, 

our model suggests a trend opposite to the observed trend (i.e. increasing homogamy). Except 

for the model that only includes preferences for age (A-model), also all reduced models fail to 

capture the observed trend. 

Taken together, our simulation model is well able to reproduce observed patterns of 

assortative mating when it comes to education and age. However, when it comes to earnings 

potentials, improvements seem possible. 

CONCLUSION 

In this paper, we have developed an agent-based computational model that enables us 

to study the dynamics that generate observed patterns in assortative mating. The results of our 

computational experiments with this model suggest that patterns of assortative mating in 

terms of education and age might be partially the combined product of preferences education, 

age, and earnings prospects of prospective partners among individuals. 
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TABLES AND FIGURES 

Table 1 Distribution of educational degrees for Belgium based on the IIASA/VID 

reconstruction/predictions 

 

  

Belgium

1 2 3 4 1 2 3 4

Year Birth chort NoEdu ISCED

0 and 1

ISCED

2 to 4

ISCED

5 and 6

NoEdu ISCED

0 and 1

ISCED

2 to 4

ISCED

5 and 6

1970 (1935-1940] 0 0.29 0.50 0.22 0 0.33 0.55 0.12

1975 (1940-1945] 0 0.24 0.53 0.23 0 0.28 0.59 0.14

1980 (1945-1950] 0 0.19 0.56 0.25 0 0.21 0.62 0.17

1985 (1950-1955] 0 0.14 0.58 0.28 0 0.15 0.65 0.20

1990 (1955-1960] 0 0.10 0.60 0.30 0 0.11 0.66 0.23

1995 (1960-1965] 0 0.09 0.57 0.34 0 0.08 0.65 0.28

2000 (1965-1970] 0 0.06 0.59 0.35 0 0.06 0.53 0.41

2005 (1970-1975] 0 0.06 0.57 0.36 0 0.07 0.50 0.43

2010 (1975-1980] 0 0.06 0.57 0.38 0 0.06 0.47 0.46

2015 (1980-1985] 0 0.05 0.56 0.39 0 0.06 0.45 0.50

2020 (1985-1990] 0 0.04 0.54 0.41 0 0.05 0.43 0.52

2025 (1990-1995] 0 0.04 0.53 0.43 0 0.04 0.41 0.55

2030 (1995-2000] 0 0.04 0.52 0.45 0 0.04 0.39 0.58

2035 (2000-2005] 0 0.03 0.50 0.46 0 0.03 0.37 0.60

2040 (2005-2010] 0 0.03 0.49 0.48 0 0.03 0.35 0.62

2045 (2010-2015] 0 0.02 0.47 0.50 0 0.02 0.34 0.64

2050 (2015-2020] 0 0.02 0.46 0.52 0 0.02 0.32 0.66

Men Women
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Table 2 Number of observations in the EU-SILC data that satisfy selection criteria  

 

Note: The values in the column ‘gender’ refer to male (1) and female (2) individuals. The 

values in the column ‘education’ refer to individuals with less than tertiary education (1) and 

tertiary education (2). Underlined values indicate cells that were excluded from the analysis. 
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Table 3 Parameters per model version 
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Figure 1 Distribution of women and men with different educational degrees across earnings 

prospect categories (yi) in Belgium; observed and projected. 

Note: Years indicate the lower boundary of the five-year birth cohort that is included 
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Figure 2 Comparison of shares of female hypergamic couples as observed in the ESS and as 

obtained in different versions of the computational model. 
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Figure 3 Comparison of shares of homogamic couples as observed in the ESS and as 

obtained in different versions of the computational model. 
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Figure 4 Comparison of shares of hypogamic couples as observed in the ESS and as obtained 

in different versions of the computational model. 
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Figure 5 Comparison of average age differences within couples as observed in the ESS and 

as obtained in different version of the computational model. 
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Figure 6 Comparison of average differences in earnings difference within couples as 

observed in the ESS and as obtained in different version of the computational model. 
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