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Abstract
It is challenging to assess the long-term effects of policies related to the inheritance of wealth, due to the long
timescales involved and the importance of family-level dynamics. However, agent-based models (ABMs) now provide
a useful tool for simulating the effects of alternative policies,
allowing a quantitative comparison to be made.
In this paper we describe an ABM simulating the longterm (up to 150 years) development of the UK population in
terms of births, deaths and the passage of wealth through the
generations. The parameterisation of the model is driven by
publicly available data on the demographics of the UK, primarily from the Office for National Statistics. We compare
two situations: first where wealth is inherited directly by the
children of the deceased; secondly where wealth is placed
in descendants’ trusts for the benefit of the second and third
generations that follow.
The simulations show a marked reduction in the Gini coefficient for the case where wealth is placed in descendants’
trusts, relative to direct inheritance. This result implies that,
overall, trusts of this sort act to reduce the level of wealth
inequality across society. The same effect is seen whether
examining the adult population as a whole or a single generation.
Keywords— Simulations; agent-based models; inheritance.

1
1.1

Introduction
Inherited wealth and social inequality

In the UK it is common for wealth to be passed down within
families, with children inheriting all or most of their parents’
estate. Policy-makers must balance the desire of people to
leave their wealth to their children against the entrenchment
of inequality that this system can produce. Policies such
as inheritance tax address this issue by preferentially taxing

people with the largest estates.
Aside from direct taxation, there are many other policies that could influence the effects of inheritance. In [1],
David Halpern argued for the promotion of “descendants’
trusts”, in which the bulk of an estate is placed in a trust
for the benefit of the grandchildren and great-grandchildren
of the deceased, rather than their children. His argument is
based on the observation that the correlation between your
wealth and your descendants’ wealth becomes weaker as
the number of generations separating you gets greater. So
an individual’s chance of having one wealthy grandparent
or great-grandparent is greater than their chance of having
wealthy parents, and hence the descendants’ trusts spread
more wealth to those who would otherwise have little.
A further argument for descendants’ trusts is that they improve the timing of inheritance, in that they cause people to
receive inheritances earlier in their lives. The money they
receive can then be used, for example, to support their education or help them buy a first house. Indeed, a majority of
people expecting to inherit from their parents already plan
to pass some or all of that straight down to the next generation, whether or not the will specifies this, in order to provide
them with this assistance [2].

1.2

Agent-based models

The benefits or otherwise of descendants’ trusts are very difficult to assess using traditional techniques. The long-term
nature of the issue makes pilot studies impractical, while the
strong network effects involved make any top-down analysis extremely challenging. Instead, a bottom-up approach
is required; this can be provided by an agent-based model
(ABM).
An ABM is a simulation of a population of agents that can
interact with each other and with their shared environment.
In the case of inherited wealth, each agent will represent an
individual person, and the simulation must explicitly encode
the behavioural rules that determine key aspects of their life

such as their earnings, their savings, when they have children, who with, and when they die.
While ABMs have existed for many decades – Schelling’s
model of segregated housing being a famous early example
[3] – recent advancements in computing power and the availability of data have greatly increased the number and variety
of problems that can be analysed using ABMs. In particular,
ABMs are increasingly being used in economics and social
sciences to study the behaviour of systems such as the UK
housing market [4] or financial markets [5].
In this paper we describe the use of an ABM to simulate
the inheritance of wealth in the UK population over the next
150 years. By modifying the behavioural rules we are able to
assess the long-term effects of alternative policies, providing
valuable evidence to policy-makers. We describe the details
of the model in the following section.

are matched into relationships following the fraction of men
or women at each age who are in a cohabiting relationship
[7]. Education levels, encoded as one of five values from
"no qualifications" to "undergraduate degree or higher", are
also set following the census data as a function of age and
sex [8, 9].
2.1.2

Relationships

In each tick, single agents have a chance of forming a relationship. The simulation’s matching process is female-led,
due to the greater importance of the mother’s age in determining fertility. First, the single women that will form
relationships are chosen according to the marriage rate for
women as a function of age [10], multiplied by a factor f .
The value of f is set at 100.0/52.3 = 1.91 to account for
children born outside of marriage: currently 52.3% of children are born to married and 47.7% to unmarried parents
[11].
2 Model components
Having selected the female partners, we compare them
In order to test different approaches to wealth inheritance, to single men according to their age, wealth and education
we have built an ABM with three key components:
level. The level of difference, δi j , between potential partners
i
and j is given by
1. A population of agents who form relationships, have

 
 

children, grow old and die.
ai − a j 2
si − s j 2
wi − w j 2
+
+
(1)
δi j =
3
0.5/m
25000/m
2. An economic model to assign earnings and investments
where ai is the age of agent i in years, si their level of eduto each agent.
cation on a 0-4 scale, wi their wealth in pounds, and m is a
3. A method of passing wealth to an agent’s descendants
dimensionless parameter that sets the strength of assortative
following their death.
mating – the tendency of people to choose partners similar to
Each of these components is described in the following sub- themselves – in the model. We set the value of m at 0.25 to
sections.
reproduce the correlation between partners’ education levels
The ABM as a whole starts with a population of agents observed in [15], but also show the results of varying this
that represents the 2016 UK population, then evolves this parameter in Section 3.3.
population in a series of “ticks”, or steps, each representing
After calculating the difference between each potential
one year in the lives of the agents. Because of the stochas- pair of agents, their compatibility, ci j , is then
tic nature of the simulation we run each setup 30 times and
ci j = exp (−δi j /2)
(2)
average the results.
Each female partner then draws one match from the eligible
male partners, with probability proportional to their com2.1 Population
patibility. If two or more female partners draw the same
The demographics of the agent population are primarily set
male partner all but one, chosen randomly, redraws until all
by data from the Office for National Statistics (ONS). We
matches are unique.
use an initial population of 10,000 agents, although this
Existing relationships also have a chance of ending in
number varies during the simulation according to the birth
each tick. The separation rate is taken from the observed
and death rates.
divorce rate as a function of the length of the relationship
and the year in which it started [12], assuming that in future
2.1.1 Initial population
years the divorce rate for relationships of a given length is
The initial population is assigned ages and sexes according equal to the most recently measured rate for relationships of
to the fractions recorded in the 2011 census [6], and they that length.

2.1.3

Births and deaths

During each tick the female agents that are in a relationship have a chance of having a child, given by the fertility
rate for married women as a function of age [11]. As described above, the number of relationships in the model is
increased above the marriage rate such that the overall birth
rate matches the true rate.
At the point of birth each agent is assigned a future educational attainment, although it has no effect until they begin
earning in adulthood. The child’s attainment is determined
primarily by that of their father [16], with some random scatter applied, and adjusted to reproduce the current distribution of attainment levels.
Finally, each agent has a probability of dying during the
tick, given by the ONS projected mortality rates as a function
of age and sex [13].

2.2

Economics

The simulation has a simple economic model to assign
wealth and income to each agent. Each agent is characterised by four factors: their age, sex, level of education and
a “boost” variable drawn from a normal distribution with
mean 0.0 and standard deviation 0.7. The boost is used to
account for all factors that influence somebody’s income beyond the variables explicitly included in the model.
The earning potential of each agent is calculated by interpolating the mean income values as a function of age, sex
and education, then dividing by the mean of these values
across all agents and finally adding the boost value. The
resulting potential value is used to put the agents in order
of their expected income, from which they can be mapped
across to the true income distribution in the UK [14], the
same procedure was applied to observed distributions of
wealth, using the same boost value as for income.
During the simulation, each agent is assumed to save or
invest 5% of their earnings. This fraction represents direct
savings as well as processes such as paying off a mortgage.
Any wealth they have additionally grows at a rate of 3% a
year. While these assumptions are clearly simplistic compared to actual personal finances, they suffice for the purposes of the simulation.

2.3

Inheritance

In order to test the effect of descendants’ trusts we run the
simulation twice, once in which all agents use direct inheritance and once in which all agents use descendants’ trusts.
For direct inheritance, when an agent with no current partner dies their wealth is immediately split equally between
their surviving children. If they have a surviving partner, the
share per person is equal for each child and the partner. The
share for children of previous partners is paid to them immediately, while that for both the current partner and their
children is paid to the partner (on the understanding that it
will later be passed to the children).
When using descendants’ trusts, the share for any surviving partner is calculated in the same way and immediately
paid to them (not including the amount allocated for their
children). The remaining amount is split into two equal
parts, and used to create trusts for the grandchildren and
great-grandchildren, respectively, of the dying agent. The
trusts earn interest at the same rate as for wealth held by
agents. When each of these descendants reaches the age of
18, or immediately if they are already 18 or above, they withdraw from their generation’s trust an amount equal to the
current value of the trust divided by the number of people
still expecting to benefit from it.
In either case, if an agent dies with no partner or descendants then their wealth is removed from the simulation.

3

Results

A key advantage of ABMs is that they allow a consistent analysis of both individual-level (agent-level) and
population-level results. We examine each of these levels
in the following subsections.

3.1

Individual-level results

Figure 1 shows the life history of an agent from the simulation in which all wealth passes by direct inheritance, i.e.
to the children of the deceased. For the sake of discussion
we will call her “Mary”. The figure shows some key events
in Mary’s life: her birth, entering and leaving a relationship,
the births of her children, and finally her death. On top of
this is her wealth, which gradually increases throughout her
On reaching the age of 65, each agent immediately retires working life before dropping on retirement. When Mary is
and no longer earns an income. Half of their wealth at that 70 years old the second of her parents dies and she inherits
point is removed from the simulation, to represent the pur- about £100,000, but she herself dies just a few years later.
chase of an annuity. In later years their remaining wealth
In contrast, Figure 2 shows the life history of an agent
(who we shall call “Paul”) from the other simulation, in
decreases by 1% a year.

Figure 1: The life history of “Mary”, an agent in the direct
inheritance simulation. Grey shaded regions mark the times
before her birth and after her death. The pink shaded region Figure 3: The Gini coefficient for wealth measured across all
marks the time she was in a relationship, and green dashed adults, comparing the behaviour for direct inheritance (blue
lines show the years in which her children were born. The upper line) and descendants’ trusts (red lower line).
blue curve shows her total wealth throughout her life.

Figure 2: The life history of “Paul”, an agent in the descendants’ trusts simulation. Colours and symbols are the same
as for Figure 1.
which all wealth is placed in descendants’ trusts. The history of Paul’s wealth shows a series of smaller jumps (up
to £40,000) during his 20s and 30s as he inherits from his
grandparents and great-grandparents.
Paul and Mary have similar histories in terms of the total
amounts they earn and inherit during their lives, but a simple
comparison of Figures 1 and 2 shows that throughout their
adult lives Paul is significantly wealthier than Mary. This
is an immediate result of having inherited earlier in his life,
and illustrates the advantage of descendants’ trusts in terms
of injecting wealth when people are younger and arguably
more in need.

Figure 4: As Figure 3 but including only adults aged 20–39.

for all adults in the simulation. While the Gini coefficient
stays approximately constant around 0.54 when direct inheritance is used, descendants’ trusts produce a rapid decrease
in the coefficient, reaching a low of 0.425 in the 2050s. The
Gini coefficient then begins to increase again, with some oscillation, reaching 0.47 by the end of the simulation in the
2160s. The oscillation is caused by the sudden wholesale
switch to descendants’ trusts, which leaves one generation
(people whose grandparents have already died but whose
parents haven’t) with little or no inheritance.

There are two factors that can contribute to the decrease
in the Gini coefficient shown in Figure 3: a redistribution of
wealth between generations and a redistribution within in3.2 Population-level results
dividual generations. To isolate the second factor, Figure 4
We assess the success of the descendants’ trusts by compar- shows the Gini coefficient for adults aged 20–39 only, so
ing the long-term behaviour of the Gini coefficient, a com- at any point a single generation is being measured. While
mon measure of inequality, between the two simulations.
the difference between the two simulations is no longer as
In Figure 3 we show the projected Gini coefficients over great as for the entire adult population, there is still a large
the next 150 years for each of the two cases. The Gini coef- decrease in the Gini coefficient brought about by the descenficient here is measured from the accumulated wealth values dants’ trusts.

trusts. The principal results are:
• Descendants’ trusts produce a significant decrease in
the Gini coefficient, measured for wealth across the
adult population, when compared to direct inheritance.
• A similar decrease is seen when measuring across
adults aged 20–39 only, indicating wealth is reallocated
within a generation as well as between generations.

Figure 5: As Figure 4 but showing three different levels of assortative mating. The dashed lines in this figure correspond
to the lines in Figure 4.

• The strength of the decrease is a function of the level of
assortative mating in the population, with strong assortative mating producing a weaker effect.

More generally, this study provides an example of the application of ABMs to understand the implications of policy
decisions. Particularly when looking at long-term effects
3.3 Assortative mating
that could not be measured from a pilot study, ABMs proThe strength of the effect discussed above is strongly depen- vide an invaluable tool to help guide policy-makers in their
dent on the level of assortative mating in the population. If decisions.
agents always choose to partner with others who have very
similar levels of education and wealth to themselves, there
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