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Abstract: An agent-based simulation framework is presented that provides a principled approach for investi-
gating gender inequalities in professional hierarchies such as universities or businesses. Populations of artifi-
cial agents compete for promotion in their chosen professions, leading to emergent distributions that can be
matched to real-life scenarios, and allowing the influence of socially or genetically acquired career preferences
to be explored. The aim is that such models will enable better understanding of how imbalances emerge and
evolve, facilitate the identification of specific signals that can indicate the presence or absence of discrimina-
tion, and provide a tool for determining how and when particular intervention strategies may be appropriate
for rectifying any inequalities. Results generated from a representative series of abstract case studies involving
innate or culturally-acquired gender-based ability di�erences, gender-based discrimination, and various forms
of gender-specific careerpreferences, demonstrate thepowerof theapproach. These simulationswill hopefully
inspire and facilitate better approaches for dealing with these issues in real life.
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Introduction

1.1 There has been considerable concern and discussion for many years now about the significant gender imbal-
ances currently present in certain professions and sections of academia, such as university physics, philoso-
phy and computer science departments (Allen-Hermanson 2017; Altonji & Blank 1999; Beyer 2014; Camp 1997;
Cheryan et al. 2017; Handelsman et al. 2005; Moss-Racusin et al. 2012). So, given the evidence indicating that
gender diversity is associated with improved decision making and problem solving (Handelsman et al. 2005)
and increased sales and profits (Herring 2009), and the obvious potential for critical skills shortages if one gen-
der is excluded (Camp 1997), it is not surprising that various strategies have been suggested for rectifying such
imbalances. Previous approaches have ranged from various forms of positive discrimination, through specific
types of advertising and re-education, to simply adoptingmore gender-fair language (Sczesny et al. 2016). How-
ever, when it is not clear what are the main causes underlying the imbalances (Beasley & Fischer 2012; Beyer
2014; Clark Blickensta� 2005; Cheryan et al. 2017; Halpern et al. 2007; Wang et al. 2014; Wang & Degol 2013;
Williams & Ceci 2015), it can be di�icult to identify the best strategies for dealing with them and measuring
their e�ect, and there is also a persistent worry that adopting particular intervention strategies predicated on
incorrect assumptions might actually makematters worse rather than better.

1.2 It is o�en claimed that themain cause of gender imbalance is simple discrimination against a particular gender
(Davison&Burke2000;Moss-Racusinet al. 2012), and if that cannotbeprevented, anappropriate remedywould
be some form of positive discrimination. However, other studies indicate that, in some cases at least, there is
no such bias in the hiring processes (Allen-Hermanson 2017; Williams & Ceci 2015). Another potential cause of
imbalance might be that evolution by natural selection has led to di�erent genders becoming specialized for
di�erent roles, and hence intrinsically more able or less able in particular areas. It is undoubtedly true that
there exists significant gender-based physical di�erences for many species, such as human men being bigger
and stronger on average than human women, but associated di�erences in intellectual abilities are more con-
troversial. In particular, there is conflicting evidence concerning gender-based brain-related ability di�erences
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in humans, and their potential impact on gender inequalities in professions such as computer science (Baron-
Cohen 2004; Benbow 1988; Browne 2002; Cahill 2006; Geary 1998; Halpern 2012; Halpern et al. 2007; Kimura
2000; Spelke 2005). With fair performance-led hiring and promotion, any such ability di�erences leading to in-
ferior performance would inevitably result in less success in any professions that rely on those skills, and that
could drive a consequent tendency for that gender to avoid entering related professions in the future. In fact,
even when both genders have equal average abilities, di�erences in the tails of the ability distributions can be
su�icient to drive significant gender imbalances (Humphreys 1988; Wai et al. 2010). Moreover, even when there
are no intrinsic ability di�erences at birth, there could still be cultural factors that lead to ability di�erences in
adults, such as those arising from biases in the education system (Else-Quest et al. 2010; Hyde & Mertz 2009).
It is not at all clear what interventions would be most beneficial for particular types of ability di�erence, nor
whether any intervention at all would be a sensible strategy. A final possibility is that, even when there is no
direct discrimination, and no ability di�erences in the chosen area, one gendermight still be disadvantaged by
other factors, such as delays in career progression related to child rearing andmaternity leave (Ceci & Williams
2011), and such causes of gender imbalance are likely to require di�erent forms of intervention.

1.3 An obvious approach for understanding gender imbalances, or other diversity issues, within complex interact-
ing processes is to build computer simulations of them (Helbing et al. 2010; Martell et al. 1996; Robison-Cox
et al. 2007). That allows models of the core issues to be formulated without all the confounding factors and
complications of real life, and strategies for intervention can be explored and optimized before inflicting them
on real people. What appears to be less widely appreciated is that agent-based simulations of populations of
individuals with ability-based selection are commonly used in the fields of computational intelligence (Engel-
brecht 2007) and artificial life (Bullinaria 2009, 2017) and provide a particularly e�ective approach for exploring
the key causes, e�ects and remedies here. Suchmodels also have the significant advantage that the evolution
of any relevant factors and memes by processes of natural selection can be implemented straightforwardly
within the same framework. Moreover, by building on tried and tested existing models, the various method-
ological pitfalls that o�en arise with agent-based simulations of social and economic scenarios (Galán et al.
2009; Richiardi et al. 2006) can be avoided more easily. This paper therefore proposes a general framework
for formulating and optimizing suchmodels, and presents a selection of simulation results for various abstract
scenarios that illustrate the potential of the approach.

1.4 The remainderof thispaper is organizedas follows: Thenext sectiondescribes theunderlying simulation frame-
work with its associated simplifications and assumptions. Then results from a series of preparatory baseline
models are presented that identify appropriate values for the various free parameters. The following two sec-
tions establish how the outcomes vary with the introduction of either gender-based ability di�erences or dis-
crimination. Then, thee�ectof simplegender-balancing interventionsare investigated, andhowgender-specific
profession preferencesmight emerge. Finally, the practical consequences of the various inequalities and inter-
vention strategies are explored in more detail. The paper ends with some discussion and conclusions.

Underlying Assumptions and Simulation Framework

2.1 There is an inevitable trade-o� involvedwhen deciding on the best level of detail to use in agent-basedmodels.
On one hand it makes sense to keep the models as simple and abstract as possible in order to observe general
patterns of outcomes with minimal confounding factors, but on the other there are advantages to validating
detailed models using all the available empirical data including as many potentially confounding factors as
possible (Edmonds & Moss 1984). The aim here is to present an abstract and general modelling framework
that others can later employ to simulate specific aspects of interest to themmore accurately by incorporating
additional factors. One reason for this is that there is a recurring di�iculty with real empirical data in this area
in that it can o�en be equally well modelled with radically di�erent assumptions about the underlying issues,
and making particular assumptions opens up the work to potential bias which is important to avoid. In fact,
one of the key aims of this paper is to show how similar outcomes can emerge in rather di�erent ways, and
how particular signals can be identified that narrow down what underlying issues are causing the observed
outcomes. Moreover, a number of simplifications and assumptions will be required to render the simulations
computationally feasible, reliably interpretable, and as unbiased as possible (Bullinaria 2009, 2017). So this
studywill begin by setting a fewbasic principles, and then goon to explorewhat can emergewithin that general
framework.

2.2 The underlying idea is to maintain evolving populations of individuals, with a range of gender-specific ability
di�erences andprofessionpreferences (bothpotentially involving innate andculturally-acquired components),
who compete with each other during their lifetimes to be promoted up through the hierarchy of their chosen
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professions. Thus, with the aim of avoiding as many unnecessary biases and confounding factors as possible,
the following modelling assumptions will be adopted:

1. There are two distinct genders, which are determined randomly at birth with equal probability.

2. Overall, the twogenders are equally able, but di�erent gender-specific distributions of individual abilities
may exist. Thedi�erences could be innate, resulting from the evolutionary past, or culturally-acquired. In
this paper, these distributions will be fixed for the duration of each simulation, but they may be allowed
to evolve in future models of the emergence of such gender di�erences.

3. There are two distinct professions, which overall are equally valuable.

4. The initial individual abilities related to each profession are determined randomly on entering the sim-
ulation and follow normal (Gaussian) distributions. The means and/or the standard deviations of those
distributions may depend on gender, or they may be independent of gender.

5. If one gender hasbetter ability in oneprofession, theother genderwill have anequally better ability in the
other. The e�ect of the type andmagnitude of such di�erences is one of the key factors to be explored.

6. A range of profession choice strategies may exist. Each individual could choose their profession totally
randomly, or according to their abilities, or have some innate or culturally-acquired gender-based pref-
erence (or probability) for choosing one profession over the other. Such preferences may be allowed to
emerge during the course of the simulations.

7. During each simulation, the individuals inevitably get older, potentially improve their abilities as a result
of experience in their chosen profession, and eventually retire and leave the working population.

8. Professional development involves a series of stages, and (by default) promotion between them is given
to themost able of the individuals currently eligible at each stage (Rosenbaum 1979). Discrimination and
intervention in that process are key factors to be explored.

9. If an individual does not get promoted within a reasonable number of simulated years, they may give up
and leave their profession or working population. It is also possible that varying percentages of individu-
als leave their profession or working population for other reasons. These are further details that need to
be explored.

10. Theworking population size is kept constant by replacing retired individuals with new young individuals.
The success of the retired individuals in their chosen profession may influence the profession choices of
the new individuals.

2.3 These assumptions may seem rather restrictive, but they prove suitable for the purposes of this initial study,
and simplify the interpretation of the results. There is still considerable scope for variations within this basic
framework, and a su�icient variety of di�erent outcomes can emerge from it depending on the relative settings
of the variousparameters involved. There is alsoplenty of scope todesign variations that test the consequences
of these initial simplifications, and to make the simulations more realistic.

2.4 All the simulations will follow fairly standard agent-basedmodelling procedures, with a random initial popula-
tion, repeated updates over time that include promotion opportunities, and retired individuals being replaced
by new individuals. For each new individual entering the simulated population, a record is created and ini-
tialized with their innate gender, initial age, entry-level abilities for the two professions, any preferences for
the professions, and their chosen profession. Therea�er it is regularly updated with their current age, stage in
their profession, number of years since reaching that stage, and any experience-related ability changes. A�er
updating the population for a su�icient number of simulated years, all the population averages eventually set-
tle down into a steady state, and the relevant results can be computed. This underlying data and simulation
structure is specified in more detail in the Appendix.

2.5 The above framework has been designed to be general enough that it can be used to simulate “professions”
and associated hierarchies of all kinds. For example, with suitable modifications of the “promotion” processes
it couldbeused tomodel thekindsofdominancehierarchies found inmanyanimal species (Chase 1974;Hobson
& DeDeo 2015). O�en animal societies will only involve a single role that covers everything, but some species
do have clear divisions of labour, such as food provision versus o�spring care and defence in wolf packs (Mech
1999), and those distinct roles could be modelled in the same way as more traditional professions. However,
this paper will concentrate on the particular scenario that originally motivated it, and only consider abstract
human professions, with human-like lifetimes and other parameters.
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2.6 Tosimplify the results analysis, itwill beassumed that all individuals enter their chosenprofessionat age20and
retire at age 70, and that each profession has 7 stages, so 6 promotions are required to reach the highest stage.
Depending on the aims of the model, stage 1 could be interpreted as the pool of applicants wanting to join the
profession, with stage 2 the lowest level within the profession, or stage 1 could be the lowest level within the
profession. Then a workable update frequency for reasonably realistic simulations of 50 year careers is once
per simulated year. It will initially be assumed that there is only one employer for each profession, so there
is no need to simulate transfers between employers, or sub-groups of eligible individuals being considered
at each promotion stage, as that is already known to bias the results (Lyness & Judiesch 1999). The general
framework is deliberately flexible enough that it will allow more realistic scenarios to be modelled in more
detail in the future. For reasonable parameter values, a population size of 10,000provides su�icient numbers of
individuals per profession per stage per gender to allow realistic levels of competition at each stage, evenwhen
the distributions become skewed. Since only relative abilities a�ect anything, the ability scale is measured in
arbitrary units, and that is set (without loss of generality) by taking the standarddeviationof the initial Gaussian
distributions to be 1.0, and measuring all the ability di�erences relative to that. When the abilities are plotted,
they are given a convenient mean of 8.0, but the same ability di�erences would emerge for any other mean
value.

2.7 Howmany simulated years to runeach simulation is not obvious. Real life professional developmentswill rarely
have lasted more than a few hundred years, and most are much shorter than that. However, the simulations
will normally need to be run for a su�icient number of simulated years that the populations settle down into a
stable final state that is independent of the initial conditions which could potentially introduce unintentional
biases. That varies somewhat with the various parameter values involved, and checking for stability and stop-
ping each run at a di�erent point introduces unnecessary complications that can be avoided by simply running
all the simulations for the samenumber of simulated years that is considerablymore than required to reach sta-
bility even in themost extreme of situations. Moreover, some of the simulations involve the evolution of innate
traits which takes place over much longer timescales than those of human career structures. The actual run
length used to guarantee stability throughout was 10,000 simulated years. Much shorter realistic-length runs
will in some cases end in the same stable state, but in others the same length run will end in a state that is still
changing and biased by the initial conditions. Either of those shorter run cases may well correspond to what
we are currently observing in real populations, but to compare outcomes fairly it is necessary to be sure that an
unbiased stable state has been reached. Naturally, being more careful about the initial conditions and looking
at the stabilization process over more realistic timescales will certainly be worth attempting in the future.

2.8 Updating all the individual ages, applying any ability increments, and replacing the retired and removed indi-
viduals is straightforward. However, there are several potential approaches for dealing with the promotions
between the stages of each profession, so that requires further specification. How ranks or dominance hierar-
chies generally form in animal societies remains amatter of some debate and probably depends on the species
in question (Chase 1974; Hobson & DeDeo 2015). However, for the kinds of human careers of interest here, it is
reasonable to assume that there are regular selection processes to determine which individuals are promoted
up the hierarchy, and demotions are rare enough that they can be ignored, at least in the initial simulations.
One obvious possibility is to maintain pre-defined numbers at each stage to correspond to the hierarchies of
typical companies (Robison-Cox et al. 2007). An alternative and more flexible approach, that is adopted here,
promotes a given fraction x of the eligible individuals at each stage in eachprofession each year. Then, requiring
aminimumnumberof yearswworkingat each stagebeforebecomingeligible forpromotion, having individuals
give upwaiting for promotion a�er a certain number of years g at one stage, and the promotion fraction x itself,
are factors that will need to be specified to match particular realistic scenarios. A fair implementation of the
promotions would rank theN eligible individuals at each profession stage according to their current abilities,
and promote the top xN of them. However, there also needs to be potential for having direct discrimination
in the promotion criteria, as well as various types of indirect discrimination. Of course, the whole point of the
models is to be able to introduce parameterized versions of all the various forms of ability di�erences, discrim-
inations and interventions that might be deemed relevant, so their emergent consequences can be explored
empirically.

2.9 Theoutput of each simulationwill generally be the final populationof individuals, eachwith a gender, age, pref-
erence for profession, profession, ability in their chosen profession, and profession stage. The main factors of
interest will usually be the various di�erences in the populationmeans between genders, such as how the pro-
fession preferences and numbers at each profession stage depend on gender (Robison-Cox et al. 2007). When
looking at the e�ect of the various intervention strategies, it may instead be the overall performance of the
whole population that is important, rather thanwhat is happening with particular genders. In some situations,
it may not be the stable final population that is most interesting, but the changes that occur in the associated
parameter values, such as the profession preferences, throughout the simulation. In all cases, to obtain reliable
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results, means and standard deviations are computed from thirty independent runs of each simulation (using
di�erent random number seeds), with unpaired t tests used to determine the statistical significances of any
di�erences found.

2.10 The computer simulations proposed herewill show the outcomes of the various scenarios studied, but theywill
only be useful in practice if they can be tied to particular real-life scenarios, at least in the sense of some formof
general-case approximation. There is certainly evidence that gender-based inequalities do exist in real human
professions, and, in the absence of clear evidence of underlying ability di�erences, it tends to be assumed that
theymust result fromsomekindof discrimination. A keyadvantageof the simulations is that theyarenot tied to
the properties of real populations, so the e�ects of both ability di�erences and discrimination can be separated
and tested independently, with larger than real-lifemagnitudes that render the e�ectsmuch easier to observe.
In that way, the simulationswill be able to reveal distinct observable signals in the outcomes that can provide a
basis for indirect empirical testing of the hypothesized causes of the imbalances in real populations, and hence
lead to better informed decisions concerning appropriate remedial actions.

Baseline Models and Parameters

3.1 The approach adopted here is to first establish some baseline results using the simplest possible simulation
set-up, and then systematically investigate how the potential variations a�ect those results. Such a sequential
approach also facilitates the setting of the various parameter values at each stage.

3.2 The baseline case has no gender di�erences, no experience-related ability increases, and simply has the most
able individuals promoted at each stage, with an equal promotion fraction x at each stage. The resulting num-
bers of individuals at each profession stage are shown in Figure 1, for five values of x ranging from 0.01 to 0.05.
For very smallx values (0.01 and below), no individuals ever reach the upper stages, which is clearly unrealistic.
For high values (0.04 and above), there are more in the highest stage than in some of the lower stages, which
might correspond to the large numbers of full professors found in some academic departments. Values around
0.02 to 0.03 probably come closest tomost realistic situations in academia or industry, where there is a pyramid
structure with fewer individuals as onemoves up the hierarchy (Robison-Cox et al. 2007; Rosenbaum 1979). To
simulate some real-life scenarios, di�erent promotion fractions xs for each stage smight be required, and that
can easily be included in themodels, though, for simplicity, the following will continue with a single value x for
all stages.

Figure 1: Initial baseline results showing the final stable-state number of individuals at each profession stage
and how that varies across a range of di�erent promotion fractions x.

3.3 In practice, the longer an individual has been at a given stage of their profession, the more expertise and ex-
perience they are likely to have acquired, and the more likely they are to be promoted. One way to model that
would be to have the overall ability increase with time at each stage, though this is complicated by the fact that
in reality the more able individuals are likely to be able to increase their ability more quickly than others, and
the less able individuals may never be able to reach a promotable standard. This could all be implemented,
of course, but another reasonable and more straightforward approach, that will be adopted here, is to simply
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require all individuals to spend a certainminimumnumber of years at each stage to acquire enough additional
expertise to become eligible for promotion. That is easier tomodel, but will need a higher proportion x of eligi-
ble individuals to bepromoted each year to fill the higher stages. For a promotion fractionxof 0.06, the e�ect of
varying the number of yearswwaiting for eligibility from0 to 8 is shown in Figure 2. For 0 years, that promotion
fraction is too high, as seen in Figure 1. Waitsw of around 6 or 7 years are probably typical formany professions
and lead to the kind of pyramidal distribution of individuals across the stages familiar in many organizations.

Figure 2: Number of individuals at each profession stage for promotion fractionx = 0.06 for di�erentminimum
numbers of years w waiting at each stage before becoming eligible for promotion.

3.4 A related variation models the fact that some individuals are simply not good enough to get very far within
their chosen profession, and giving up and leaving is probably a sensible strategy for them, particularly if stage
1 is being interpreted as the pool of applicants rather than the entry level of the profession. In reality, what
actually happens will depend on the profession in question, and leaving for this reason is likely to be more
common at the lower stages, than at the higher stages, but the e�ect can be approximated by simply giving up
and leaving the profession if any promotion is not achieved within a certain number of years g a�er becoming
eligible. In practice, there will be individual di�erences in this matter, so a distribution of g values would be
more appropriate than a single fixed value, and such distributions could potentially also depend on gender as
well as profession stage. Those complications could easily be simulated, but, to simplify the analysis, they will
be le� for future studies, and a single fixed value used for g here. In that case, a slightly shorter wait w is needed
to have su�icient numbers eligible for promotion at each stage. Then, with a promotion fraction of 0.06 and
a 4 years wait for eligibility, the e�ect of varying the number of years g before giving up from 4 to 32 is shown
in Figure 3. For a tolerant 32 years, there is little di�erence from never giving up. For fewer years, there are
inevitably more drop-outs and the numbers at the later stages fall more sharply, and since there is a fixed total
number of individuals in the profession, that means more at stage 1.
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Figure 3: Number of individuals at each profession stage for promotion fraction x = 0.06 and wait w = 4 for
di�erent numbers of years g without a promotion before giving up and leaving.

3.5 There are clearly more details that could be modelled, but having established how the three main promotion
parameters (x, w, g) a�ect the distribution across stages, explorations of the e�ect of gender di�erences can
now begin. Obviously, the various parameters will need to be set to di�erent appropriate values depending
on the professions in question, and even then they will only be able to o�er an approximate representation of
real-life scenarios. For the purposes of exhibiting the general trends thatmight typically emerge, a set of typical
values will su�ice. Moreover, the actual parameter values chosen tend to be less important for the qualitative
patterns of simulation outcomes than the distribution of individuals across stages they lead to, though precise
values will become crucial if more realism requires there to be gender di�erences in them. The baseline simu-
lations have indicated that a promotion fraction x = 0.06, a wait for eligibility w = 4 years, and a wait before
giving up g = 12 years, provides a reasonably realistic starting point for the forthcoming simulations. Vary-
ing those key values by small amounts will change the detailed results, but the general emergent patterns are
una�ected.

Gender-Based Ability Di�erences

4.1 Obviously, to explore the e�ect of gender-based ability di�erences, those di�erences must first be built into
the models, and then separate resulting stage distributions need to be computed for the two genders (Gen0
and Gen1). As noted above, there is no dispute that di�erent genders of many species, including humans, have
di�erent ability levels for some tasks. However, for the intellectual skills underlying many careers in industry
or academia, the ability di�erences are more controversial (Benbow 1988; Else-Quest et al. 2010; Geary 1998;
Halpern 2012; Halpern et al. 2007; Spelke 2005). Nevertheless, it is possible to avoid making any controversial
assumptions about them by keeping the models suitably abstract, and attempting to use their outcomes to
establish how well they might correspond to particular real-life scenarios. At this stage, there is no need to
specify whether the ability di�erences are innate, resulting from evolution by natural selection, or culturally
acquired such as via stereotyping in biased educational systems (Lane et al. 2012; Van der Heyden et al. 2016).
Further simulations could help with untangling that distinction, but that is something else which will be le�
for future work. A convenient starting point, with easily observable di�erences, has the mean ability levels
associatedwith a particular profession di�er by one standard deviation (Dif 1) between genders, and compares
that with the baseline case above that has zero gender di�erence (Dif 0).

4.2 Figure 4 shows what happens within one particular profession for the simplest case in which each individual
chooses one of the two professions totally at random, irrespective of their ability or gender. Naturally, there is
no significant gender di�erence in the zero ability di�erence (Dif 0) case. When there is a di�erence (Dif 1), the
more able gender (Gen0) for the givenprofession not surprisingly hasmore individuals at the higher stages, and
fewer stuck at the initial stage. The associated increased tendency for the less able gender to give up waiting
for promotion and drop out also gives rise to di�erences in the total number of each gender participating in the
profession. For this profession in the Dif 1 case there are 2746 (std. dev. 39) of themore able Gen0 and only 2276
(std. dev. 40) of Gen1, which is a significant di�erence (t test, p < 10−46). For Dif 0, there are 2511 (std. dev. 54)
of Gen0 and 2496 (std. dev. 46) of Gen1, with no significant di�erence (t test, p = 0.26).
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Figure 4: Number of individuals at each stage of one profession for x = 0.06,w = 4 and g = 12 for each gender
(Gen0, Gen1) with no ability di�erence (Dif 0) and one std. dev. di�erence (Dif 1).

4.3 If all individuals instead stayed in their randomly chosen profession till retirement, even if they became stuck
at a low level, there would clearly be no significant di�erences in the total number of each gender in each pro-
fession, even in the case of gender-based ability di�erences, with 5004 (std. dev. 50) versus 4996 (std. dev. 50)
and t test p = 0.57. That leads to the slightly di�erent distribution across stages shown in Figure 5, with larger
proportions of the weaker gender at the lower stages, but the general pattern of gender di�erences remains
the same. It may be more appropriate here to consider stage 1 as the pool of applicants, and only stage 2 and
above as being within the profession, and it is noticeable that stages 2 to 7 in Figure 5 look a lot like stages 1 to
7 in Figure 4. In that case, gender-based ability di�erences do again lead to gender di�erences in the numbers
in each profession: for the Dif 1 case there are 1982 (std. dev. 51) of the more able Gen0 and only 1395 (std.
dev. 33) of Gen1, which is a significant di�erence (t test, p < 10−44). Since there are similar outcomes for the
giving-up and not-giving-up cases, only the giving-up case of Figure 4 will be pursued for the remainder of this
paper, and to aid comparisons the same key parameter values will be used throughout (i.e., x = 0.06, w = 4,
g = 12), but it should be borne in mind there do exist variations that may have subtle di�erences in outcome
and interpretation.

Figure 5: Number of individuals at each stage of one profession for the same set-up as Figure 4, but with x =
0.06,w = 7 and no leaving the chosen profession if promotion is not forthcoming (i.e., g =∞).

4.4 In reality, very few individuals will choose their profession totally randomly. Instead, they will tend to choose a
profession according to their abilities, and when the extreme case of simply choosing the profession matching
their best ability is built into themodels, the outcome changes somewhat to that shown in Figure 6. Again there
is no significant gender di�erence for the Dif 0 case (t test, p = 0.47), but for Dif 1 there is an even bigger statis-
tically significant (t test, p < 10−84) reduction in the number of Gen1 individuals choosing the profession, 1114
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(std. dev. 44) compared to 3893 (std. dev. 52) for Gen0. Figure 7 compares the Dif 1 outcomes for randomchoice
of profession (rand) and ability-based choice of best profession (best), as percentages of the whole population
of each gender at each stage in the profession. The ability-based choice of profession brings the gender distri-
butions closer together, but the less able Gen1 still has much reduced numbers at the higher stages compared
to Gen0.

Figure 6: Number of individuals at each stage of one profession for the same set-up as Figure 4, but with each
individual pursuing the profession they are best at, rather than choosing one at random.

Figure 7: The Dif 1 results of Figures 4 and 6 as percentages of the whole population of each gender, for random
choice of profession (rand) and ability-based choice of best profession (best).

4.5 Another informative way to present the simulation results is in terms of the percentages of each gender at each
stage within one particular profession. Since these percentages always add up to 100%, it is su�icient to show
the results for only one gender (Gen1). These are shown in Figure 8 for both the random and best profession
choice cases. When there is no gender di�erence (Dif 0), the percentage of Gen1 at each stage is not significantly
di�erent from 50%. For Dif 1 with random profession choice, the proportion at stage 1 is slightly over 50% (due
to weaker individuals waiting there for a promotion that never comes) and then falls for later stages. When
the best profession is chosen by each individual, there is a lower starting point, and a slower fall o� at later
stages, but the numbers remain lower at all stages compared to the random choice case. Thus, a gender-based
ability di�erence results in percentage di�erentials that increase with stage even when self selection leads to
reduced participation of the less able gender. This kind of pattern, known as a shrinking pipeline, is known
to exist in real populations (Camp 1997; Gurer & Camp 2001; Walker & Rodger 1996), but not necessarily for the
same reason (Allen-Hermanson2017; Bennett 2011; ClarkBlickensta� 2005), and there is also evidenceof recent
improvements in this regard (Miller & Wai 2015; Schreuders et al. 2009).
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Figure 8: Results of Figures 4 and 6 as percentage of gender Gen1 at each stage of one profession, with and
without ability di�erences (Dif 1, Dif 0), for random choice of profession (rand) and ability-based choice of best
profession (best).

4.6 One of the advantages of computer simulations is that the various potential causes of the pipeline di�erences
can be exploredwithout all the confounding factors inherent in real populations, so signals can be identified in
the results that might allow us to distinguish between the potential causes. For example, shrinking pipelines
canalsoarise evenwhen there is nodi�erence in themeanabilitiesof the twogenders. If the variance inabilities
for one gender is less than that of the other, as appears to be the case for some human skills (Humphreys 1988;
Wai et al. 2010), that can give the higher variance gender an advantage at the later promotion stages, even if the
means are the same for each gender. Figure 9 shows the e�ect of Gen1 having equal mean ability but only half
the ability variance of Gen0, for both the random and best choices of profession. The clear di�erence between
the shrinking pipelines observed in Figures 8 and 9 constitute a signal that can be looked for in real pipelines,
and that can then be used to provide insights into the underlying causes. However, this may not be totally
straightforward in practice, since care will be needed to accurately map the simulation stages to real stages,
and the abilities of real populations could well involve various combinations of mean and variance di�erences
that leave the signals less sharply defined and harder to observe.

Figure 9: Percentage of gender Gen1 at each stage of one profession, for equal (Var 1) and half (Var 0.5) ability
variance, for random choice of profession (rand) and ability-based choice of best profession (best).

4.7 It is clear already that there aremany potential types of gender di�erences in ability, both innate and culturally
acquired, that could account for the unequal gender distributions observed in real professions. From themod-
elling point of view, there remains scope to add further realism by replacing the simple Gaussian distributions
of abilities used so far with something more accurate, but determining exactly what those improved distribu-
tions should be will probably not be easy (Benbow 1988; Halpern et al. 2007; Spelke 2005; Wai et al. 2010), and
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using them is unlikely to change the broad pattern of results anyway. Of course, the important issue here is that
the observed gender inequalities can also occur when there are no ability di�erences at all, and that is what
will be investigated next.

Gender-Based Discrimination

5.1 Probably the question of most practical importance here is whether similar patterns of gender inequalities can
emerge when, rather than there being ability di�erences, there is discrimination against a particular gender.
Given the range of possibilities, it will clearly not be feasible to study in detail all the potential types of discrimi-
nation here, but, from themodelling point of view, there is actually no need to consider the precise details, nor
the underlying reasons for them. The broad pattern of outcomes that might arise in the proposed modelling
framework can be demonstrated by considering a simple case that has all the details abstracted out.

5.2 The crucial component of the models is the promotion between profession stages, so the natural way to pro-
ceed is to suppose that any individual of a discriminated-against gender has to be vastly superior to any rivals
of the other gender before being promoted instead of them. That could, for example, arise in practice as a
result of applying di�erent (and possibly incorrect) perceived prior probabilities of the abilities for the two gen-
ders in conjunction with the actual evidence submitted with the given promotion applications (Heilman 1995;
Takács & Squazzoni 2015). The discrimination could also be indirect, rather than direct, for example because
one gender is less likely to be awarded prestigious invited talks or prizes (Gurer & Camp 2001), or because the
promotion criteria are skewed in favour of one gender (Ginther & Hayes 2003; Mixon & Treviño 2005; Schneider
1998; Williams & Ceci 2015). To allow the clearest possible comparisons with the ability di�erence simulations,
the magnitude of the e�ect needs to be set to be the same. Thus, the above baseline simulations were re-run
with each Gen1 individual only being promoted in preference to a given Gen0 individual in the profession of
interest if their ability is at least one standard deviation higher. The existing symmetry across genders is easily
maintained in themodels by having the discrimination in the opposite direction for the other profession. Then,
since this e�ective ability di�erence acts in exactly the same way in the models as an actual ability di�erence,
exactly the same stage distributions emerge as seen in Figures 4 and 5 for the ability di�erence models.

5.3 Although the numbers at each stage are exactly the same, an important di�erence between the discrimination
and ability-di�erence cases is in the average abilities at each stage. A similar pattern emerges for both random
profession choice andability-based choice, though choosing according to ability not surprisingly leads tobetter
ability levels throughout. Figure 10 shows the crucial average ability comparisons for ability-based profession
choice. The baseline case (Base) obviously has no e�ect of gender. In the ability di�erence case (Dif), the ability
of the weaker Gen1 is lower than Gen0 at the initial stage 1, but the ability-based promotions lead to much
closer ability levels at the later stages, with both below the baseline level. In the discrimination case (Disc),
the Gen0 abilities are reduced to the same extent as in the Dif case, because the reduced competition from
Gen1 individuals allows weaker Gen0 individuals to be promoted, while the Gen1 abilities aremuch higher, due
to the extra ability required to achieve promotion. Such higher ability levels for an under-represented gender
is another informative signal to look for in real populations. Indeed, similar, though smaller (half a standard
deviation), gender di�erences in ability have been observed in real corporations, suggesting the presence of
gender-baseddiscrimination there (Lyness&Heilman2006). That, of course, doesnot imply there is necessarily
gender-based discrimination or glass ceilings in other cases too, but there is certainly evidence consistent with
that existing elsewhere (Sabatier 2010).
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Figure 10: Average ability levels at each stage of one profession for each gender (Gen0, Gen1) in the baseline
(Base), ability di�erence (Dif) and discrimination (Disc) cases, with ability-based choice of best profession.

5.4 Figures 8, 9 and 10demonstratehow rather di�erent pipelinepatterns emergedependingon the situationbeing
modelled. These are just the “pure” cases, with quite large (one standard deviation) di�erences. In practice,
there is likely to bemore thanone formof discrimination or ability di�erencepresent, with varyingmagnitudes,
and untangling the various factors will be more challenging. This is where the modelling approach presented
here is likely to prove most useful, as it enables all the possible combinations and variations to be simulated
relatively easily and reliably, with the inevitable interactions accommodated automatically.

Intervention Policies

6.1 Thegender inequalities found in thenumbersenteringsomeprofessions, and theassociatedshrinkingpipelines,
are regularly highlighted as being important issues that need addressing. In addition to the natural injustice of
any discrimination present, there may be important practical consequences for society as a whole. For exam-
ple, the noticeable lack of women in certain higher stages of academiamight discouragewomen from studying
those subjects, and that may lead to critical skilled-worker shortages in related areas (Camp 1997), or the lack
of diversity may worsen team performance (Handelsman et al. 2005; Herring 2009).

6.2 How best to address these gender inequalities, or manage other diversity issues, is not clear (Shen et al. 2009).
The most direct intervention would be to simply make sure that the numbers of each gender at each stage of
each profession are as equal as possible. The use of women-only shortlists in British politics is one controver-
sial example of attempting to do that (Lovenduski & Norris 1989). While this may not be the best approach in
practice, investigating what happens in this extreme case will provide useful limits on whatmight happen with
more subtle interventions. It can also be implemented easily by ranking the eligible individuals of each gender
separately, and promoting equal numbers of each gender to the next stage to give the required total number
of promotions overall. Doing that in the above modelling framework automatically prevents any significant
number di�erences between the baseline, gender-based ability di�erence, and gender-based discrimination
cases.

6.3 Equalizing thenumbersof eachgender at each stagewill obviouslyhaveconsequences for theassociatedability
levels. The intervention will have no e�ect on the baseline averages, because the numbers there were already
equal. For thediscrimination case, the intervention corrects the gender imbalance there, andbrings all the abil-
ity levels back into linewith thebaseline. In the ability-di�erence case, promoting the less ableGen1 individuals
when they do not deserve it leads to them having lower than baseline ability levels at the later stages, but the
Gen0 individuals are no longer promoted with less than baseline abilities, so they are brought back into line
with the baseline. This is another signal to look for in real populations – lower abilities in the higher stages for
a gender with equal or lower numbers might indicate that inappropriate number equalization has taken place.

6.4 An important practical issue for any profession concerns the overall average abilities of the individuals at each
stage in it, irrespective of their gender. The relevant simulation results are shown in Figure 11. The baseline
(Base) and baseline with intervention (Base Int) results are identical, since there is no gender imbalance for
the intervention to correct, and these exhibit the best average abilities overall. The discrimination (Disc) case
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has worse abilities, particularly at the later stages, because it unfairly allows weaker Gen0 individuals to be
promotedat the expenseofmore ableGen1 individuals. Intervention in this case (Disc Int) brings all the abilities
into line with the baseline, because the discrimination-based imbalance is successfully corrected, and once
again the best individuals at each stage are promoted. The ability di�erence (Dif) case is overall worse than the
baseline and discrimination cases, because that corresponds to Gen1 individuals having lower abilities than
the base case, which inevitably brings the population averages down. That needs to be interpreted carefully,
however, because if thegenderdi�erence instead took the formof improvedabilities forGen0over thebaseline,
rather than reducedabilities for Gen1, thatwould lead to improvedpopulation averages over the base case. The
crucial question iswhat happens if intervention is applied in a case like thiswhere nodiscrimination exists? The
answer is clear from Figure 111: the overall population performance in this case (Dif Int) is actually madeworse,
particularly at thehigher stages, primarily as a result of forcing thepromotionofGen1 individuals at the expense
of more able Gen0 individuals. This highlights the practical importance of understanding the problems before
trying to correct them.

Figure 11: Averageoverall abilities at eachprofession stage for thebaseline (Base), abilitydi�erence (Dif) anddis-
crimination (Disc) populations, with standard ability-basedpromotions andpromotionswith gender-balancing
interventions (Int). The Base, Base Int and Disc Int results are identical.

Preferences for Professions

7.1 One real-life feature missing from the models presented so far is the e�ect of personal profession or career
choices basedonunderlying gender-specific preferences for particular professions (Lent et al. 1994; Schreuders
et al. 2009;Wanget al. 2014). Preferences of this kindmight emerge as a sensible strategy if gender-basedability
di�erences, and/orwidespreaddiscriminatorypractices, areknownorbelieved toa�ect success in theavailable
professions, though they can also be driven by a variety of other forces (Cheryan et al. 2017; Lent et al. 1994;
Master et al. 2016; Perez-Felkner et al. 2017; Su et al. 2009; Wang et al. 2014). They can easily be incorporated
into the above models as additional factors that are allowed to vary during the course of the simulations.

7.2 All themodels presented up to nowwere run for enough simulated years to allow su�icient time for the various
population distributions to stabilize, but none of the ability or preference distributions were allowed to evolve
or change inotherways fromonegeneration to thenext. However, underlying thegeneralmodelling framework
proposed here is a fairly standard steady-state evolutionary computation approach suitable for simulating all
aspects of life history evolution (Bullinaria 2009, 2017). So far, all forms of evolution and learning in it have
been “turned o�”, but they can easily be turned on again if required to allow any relevant details to evolve
by natural selection (Bullinaria 2009) or propagate by social learning (Bullinaria 2017). For some real animal
species, factors such as gender-specific abilities and profession preferences (in the form of di�ering abilities
and adoption rates for relevant tasks such as o�spring-care, defence and food-provisioning) are known to have
becomeencoded genetically over the course ofmany generations, andhave co-evolved leading to distinct roles
for each gender (e.g., Mech 1999). In such cases, it is unlikely that trying to enforce gender equality across all
such roles would be a sensible idea. Other species, in particular humans, have evolved the ability for relevant
information such as profession preferences to be passed on mimetically via various forms of performance-led
social learning or imitation (Bullinaria 2017), and attempts to modify preferences in those cases may be more
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appropriate. Modelling entire life-spans over many generations, and the co-evolution of gender-based ability
di�erences, social learning and role preferences in various species, including humans, would certainly be an
interesting exercise in modelling life history evolution (Bullinaria 2017; Geary 1998; Kenrick & Luce 2000; Wood
&Eagly 2002), but thatwill not be attemptedhere. Fromapractical point of view, that is not so important for the
purposes of modern human careers as modelling the profession preferences that one can still hope to change
within reasonable timescales, assuming such changes can be shown to be beneficial.

7.3 There are clearly many di�erent forms the career preferences could take, but one that is independent of the
relevant individuals’ abilities, and one that acts to bias their ability-based profession choices, should su�ice to
illustrate what kinds of outcomes can emerge and how they depend on the type of preference. Then the dis-
tinction between evolved and learned preferences also needs to be explored, along with the di�erences in the
timescales associated with the relevant changes in each case. For most current human professions, gender-
specific preferences are almost certainly learned rather than innate (Betz & Hackett 1981; Scherer et al. 1990),
but there may still be innate ability di�erences surviving from our evolutionary past that might a�ect our pref-
erences (Halpern 2012; Kimura 2000; Spelke 2005). Moreover, evenwhen there are no innate ability di�erences,
the influence of preferences and stereotyping on the children’s education may lead to ability di�erences in
adults, which can serve to reinforce the preferences and stereotypes (Cheryan et al. 2017; Lane et al. 2012; Mas-
ter et al. 2016; Van der Heyden et al. 2016). Identifying such cycles, and approaches to improve the outcomes,
is one of the key aims of the general simulation approach proposed in this paper.

Ability-independent preferences

7.4 The e�ect of the simplest form of preferences can be modelled by having individuals choose their professions
stochastically, rather than according to their abilities, but with particular probabilities. That can be done by
introducing a single gender-specific preference parameter p into the above framework, so each individual will
enter one profession with probability p, or the other with probability 1 − p. The case of p = 0.5 corresponds
to the totally random choice of profession that was tested in the models already presented. There are many
ways p values di�erent from 0.5 might arise, but the general idea is that low take-ups of particular professions
would emerge as a sensible reaction to poor expected progress in that profession, as indicated by performance
of members of the given gender in previous generations. Those expectations could take many forms, such as
poor perceived abilities in core underlying subjects likemathematics (Perez-Felkner et al. 2017), but the simula-
tions do not require such details to be specified. The simulations would start with the whole initial population
having equal preferences for the two professions, and then individuals in later generations either have innate
preferences that evolve slowly by the natural selection of successful parents (Bullinaria 2017), or learned prefer-
ences that are acquired by some form of direct observation or social interaction with other individuals (Riegle-
Crumb&Morton 2017). The speed atwhich strong preferences emergewill depend on the details of what drives
the preferences, but the broad patterns of results are similar. There is an enormous variety of suchmodels that
could be implemented, but, to demonstratewhat typically emerges, the following sub-sectionswill just present
one evolutionary simulation and one social learning simulation.

Evolved preferences

7.5 Evolution by natural selection can be modelled easily and reasonably realistically here using standard evolu-
tionary computation techniques (Engelbrecht 2007). The details were found to a�ect the speed of evolution,
but to have little e�ect on the eventual outcomes. First, a simple tournament approach is used to select a par-
ent of each gender by having random pairs of individuals compete and choosing the most successful. This can
be implemented conveniently in the current framework by selecting the parents from the individuals most re-
cently removed from the population and measuring their success as the highest stage they reached in their
career. Then the genotype of each new member of the population is generated from their parents’ genotypes
(i.e., set of evolvableparameters) usingappropriate crossover andmutationoperators. For thepreferenceprob-
abilities, the simplest approach is to have eachnew individual inherit the corresponding value from their parent
of the same gender, with a random “mutation” added from a small range such as [-0.02, 0.02]. The selection
pressure, in conjunction with the small random mutations, is su�icient to allow the preferences to dri� away
from the symmetric 0.5 values in cases where a final position advantage emerges from doing so. The speed of
the preference changes can be increased by starting from a more diverse initial population, or by taking the
mutations from a larger range, or by selecting parents frommore than two replaced individuals, but that does
not change the general pattern of results.
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7.6 There are eighteen distinct cases that need to be considered, eachwith one of three basic conditions (baseline,
gender-based ability di�erence, and gender-based discrimination), one of three profession choice approaches
(by best ability, purely random, and randomwith emergent preferences), and either involving, or not involving,
intervention to equalize the numbers of each gender at each stage. Clearly, all baseline cases, all ability-based
and pure random profession choice cases, and all intervention cases, will lead to preference averages that re-
main at 0.5 because there is nothing to drive natural selection away from that symmetric situation. All those
caseswere runanyway, to provide a check that nounexpectedbiases existed in the simulations. If there is no in-
tervention, both the ability-di�erence and discrimination case preferences shi� towards the profession where
the greatest success is most likely, while the preferences for the baseline case remain near the expected 0.5, as
shown in Figure 12. This provides a simple explanation for the various gender di�erences observed in the adop-
tionof specific roles bymanyanimal species, though inpractice the ability di�erenceswill have co-evolvedwith
the preferences.

Figure 12: Evolution of the average ability-independent profession preference probabilities. The baseline case
remains close to 0.5 for both genders in both professions, while the Dif and Disc cases without intervention
settle identically to appropriate high values (for Gen0 in Prof1 or Gen1 in Prof2) and low values (for Gen0 in
Prof2 or Gen1 in Prof1). The line widths represent the variance.

Socially-learned preferences

7.7 For modern human career preferences, it is more likely that they emerge from some form of social learning,
rather than the evolution of innate preferences (Riegle-Crumb & Morton 2017). What exactly is “learned” and
howthatmapsontopreferenceswill generallydependon the specific professions inquestion, but, independent
of those details, it seems likely that repeated success di�erentials between genders in a given profession will
slowly drive the preferences away from 0.5. There are many ways this might work in practice, but one simple
version, that is probably not far from reality in many cases, has each new individual start with the preference
of a parent or other specific person (that can conveniently be taken in the simulations to be the last removed
individual), and then adjust that by a small amount in line with their own socially-acquired estimation of the
current performance of their gender. The adjustment would include an increase when the preference does not
seem strong enough, and some form of moderation or preference decay to allow the preferences to dri� back
to 0.5 should the di�erentials disappear, and to prevent them from becoming stuck at 0 and 1.

7.8 Some measures of success, such as the relative numbers of each gender at the highest profession stage, can
lead to instability, with small random fluctuations leading the preferences to run away to 0 and 1. Probably
more realistic are success measures like the average profession stage achieved by each gender, in which case
the starting preference for each new individual would be increased in proportion to the current success di�er-
ence between genders (with some scale factor η), and decreased in proportion to the di�erence in preference
from 0.5 (with some scale factor λ). These scale factors will act in a similar way to standard neural network
learning (η) and regularization (λ) parameters (Engelbrecht 2007), and both will need to be set in line with the
particular scenario being modelled. The speed of preference change can easily be increased/decreased by us-
ing larger/smaller values of η and λ, and the final preferences will depend on their ratio, subject to floor and
ceiling e�ects. Figure 113 shows how strong preferences consistently emerge from the di�erences in average
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profession stage achieved by each gender, in both the ability di�erence and discrimination cases, for η = 0.1
and λ = 0.1, 0.2, 0.4, but stay near 0.5 when there are no gender di�erences.

Figure 13: Social learning of the average ability-independent profession preferences probabilities. The baseline
case remains close to0.5,while theDif andDisc caseswithout intervention settle identically to appropriate high
and low values, as in Figure 12. Di�erent high and low values across the whole range can emerge depending on
the details of the social learning process and parameters.

7.9 Despite the di�erent underlying driving forces, it is seen that similar patterns of preferences emerge as in the
evolutionary simulations of Figure 12, though a lot more quickly. Both the evolution and social learning begin
with individuals inheriting their parent’s preferences. The key di�erence is how those preferences then change.
With evolution, they mutate by a random amount in a random direction, and later parent selection leads to
the best changes tending to propagate into the future. With social learning, the preferences vary in line with
current estimates of what change would be best, which generally leads to faster progress, though that clearly
depends on the details of the learning process. Unfortunately, social learning can also propagate ideas that
bear no relation to what is actually best, such as stereotypical ideas of what boys or girls should want to do,
and simulating that can be done in the sameway, but will require a good understanding of what are the driving
forces behind those ideas.

Consequences of clear preferences

7.10 The emergent preferences, whether fromevolution or social learning,make sense, but there remains an impor-
tant question concerning them. Since the professions and genders are set up symmetrically, and there is a fixed
promotion rate at each stage, the overall average position at any given time for each gender must be indepen-
dent of all the other factors, including any changing profession preferences, so it is not obvious what exactly
the preference changes are optimizing. The simulation results provide the same answer independent of what
causes the preference changes: Figure 14 shows the average profession stages achieved by one particular gen-
der while the preferences change as shown in Figure 12 due to an ability di�erence or discrimination providing
a promotion advantage for Prof2. The average profession stage achieved by each gender over both professions
is constant, as symmetry requires, but the average positions achieved in both professions decrease as a result
of the preferences shi�ing away from being equal. Initially, the average stage achieved in Prof2 is higher than
that achieved in Prof1, because that gender is either more able or less discriminated against in Prof2. Then, as
particular profession preferences are acquired over time, both genders gravitate towards the profession they
tend to do best at, increasing the competition there, and reducing the average position there for their gender.
That is why the average stage achieved in Prof2 falls. Meanwhile, those individuals remaining in the other pro-
fession then face a larger pool of competitors of the more successful gender, so they are worse o� on average
too. That is why the average stage achieved in Prof1 falls. It is the increased number of individuals ending up in
the “best” profession for their gender that keeps the average position constant throughout. Moving from Prof1
to Prof2 here will improve the outcome for those individuals that switch, but having themajority of individuals
do that reduces the average stage reached in both professions for both genders. The resulting constancy of the
overall average stage achievedmeans it cannot be the driving force behind any emergent preferences. It is the
individuals with more appropriate preferences doing better that results in strong preferences emerging.
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Figure 14: Change of average positions (profession stages) achieved by one particular gender during establish-
ment of the profession preferences shown in Figure 12.

Biased ability-based preferences

7.11 The above ability-independent probability-based choices of profession showmost clearly howpreferences can
emerge through evolution or learning, and that form of profession preference will be appropriate when the rel-
evant ability levels for each profession are unknown or di�icult to determine. However, real individuals will
o�en have a good idea of their own abilities, and it would be foolish not to take them into account when choos-
ing their profession. The earlier simulations have already shown how simply having each individual make the
profession choice that results in them ending up in the profession for which they have best ability is beneficial
for the individuals in that it leads to them reaching higher stages in their chosen profession. Moreover, when
there is a some kind of gender-based ability di�erence, that strategy is su�icient to lead to much larger num-
bers entering the profession their gender generally does best at. However, it seems unlikely that form of pure
ability-based profession choice will always be the best strategy. For example, other forms of professional pref-
erence may provide better strategies in situations where there is some form of gender-based discrimination.
The idea here is that rather thanmaking a pure ability-based choice, or a pure ability-independent probability-
based choice, the profession preference takes the form of a bias to the pure ability-based choice, in such a way
that if a pure-ability based choice really is best, a zero bias will emerge. In a sense, the bias encodes what can
be learned from the past performance of each gender and uses that to enable better profession choices in the
future.

7.12 A natural way to implement such profession preferences would be to have an evolved or learned bias b that is
added to the abilities ap before an ability-based choice of profession p is made. So profession Prof1 would be
chosen if a1 + b/2 > a2-b/2, otherwise Prof2 would be chosen. If Prof1 generally leads to better success for the
given gender, b will be positive, and writing the inequality as a2 − a1 < b shows that the bias b is essentially
a measure of howmuch better an individual needs to be in their gender’s non-preferred profession for it to be
wise to choose it. Thus, b = 0 corresponds to the earlier pure ability-based choice of profession, and a very
large b corresponds to the definite choice of Prof1 encoded as p = 1 in the earlier probability-based approach.
If changes to the bias b are driven by gender-specific success di�erentials in each profession, of the same form
underlying the earlier probability-based approach, the bias will act to stop the weakest individuals from enter-
ing the profession their gender is least likely to do well at, until equal levels of success are achieved by both
genders.

7.13 There are two important di�erences between this approach and the earlier ability-independent preference ap-
proach. First, if a gender-based average success di�erential has been minimized by learning a non-zero bias b,
and the cause of the original di�erential later disappears, the learned b value will then lead to inappropriate
profession choices with resulting success di�erential in the opposite direction that will cause b to decay au-
tomatically back to zero. That means, unlike for the ability-independent preference probabilities, an explicit
decay factor λ for the preference bias is not necessary. Thus, appropriate biases b can be learned by simply
starting each new individual with the b value of their parent or other rolemodel (conveniently taken, as before,
to be the last removed individual in the simulation), and incrementing that in proportion to the current success
di�erence between genders (with some scale factor η that again acts as a learning rate). The second di�erence
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is that the involvement of abilities in the profession choicemeans the learned biases will no longer necessarily
be the same in the discrimination and ability di�erence cases.

7.14 Figure 15 shows how profession biases b emerge from the di�erences in average profession stage achieved by
each gender for the baseline, ability di�erence and discrimination cases for learning rate η = 1.0 and no in-
terventions. The speed of learning here again depends on the various parameter values used, but clear bias-
encoded preferences consistently emerge to equalize the average performances of each gender in each situa-
tion. The bias stays close to zero for the baseline case, where there are no population-wide ability or discrimi-
nation di�erences to render a personal pure ability-based choice sub-optimal. It ends up around±1.0 for the
ability di�erence case, where the existence of a better or weaker gender means a small personal ability di�er-
ence may not be a su�icient indicator of future success. Finally, it takes on larger values around ±2.2 for the
discrimination case, where the presence of positive discrimination in one profession and negative discrimina-
tion in the other results in an overall underlying e�ect of two standard deviations beyond the personal ability
di�erence.

Figure 15: Social learning of ability-based profession choice biases. The baseline case remains close to 0 for
both genders in both professions, while the Dif and Disc cases without intervention end up with appropriate
high values (for Gen0 in Prof1 or Gen1 in Prof2) and low values (for Gen0 in Prof2 or Gen1 in Prof1). The emergent
biases settle down to±1.0 for Dif and±2.2 for Disc.

Practical Consequences

8.1 O�en the most important practical issue for the businesses or universities concerned, and society as a whole,
is the average abilities at each stage in each profession, irrespective of the relative or absolute performances of
the individual genders, or the relative numbers of each gender. This issue will now be explored for the various
scenarios modelled so far.

8.2 The simulation results presented in Figure 11 already show the relative ability levels for the various ability dif-
ference, discrimination and intervention cases for unbiased ability-based profession choice. The important
practical issue is how interventions a�ect the average ability, and hence performance, that emerges for each
profession stage. The consequence of interventions to equalize the numbers across genders is an overall ability
improvement in cases of gender-based discrimination, since it ensures that the most able individuals get ac-
cepted into the profession or promoted within the profession. However, applying the same intervention leads
to worse overall performance if the inequality in numbers is actually due to some form of ability di�erences
rather than discrimination, since it allows weaker individuals to be accepted into the profession, or promoted
within the profession, at the expense of more able individuals of the other gender.

8.3 It seems likely that profession choice preferences exist in many real-world scenarios, and in the most extreme
situations, emergent ability-independent preferences can be very strong as seen in Figure 12 and Figure 13. The
overall ability levels at each profession stage for the strong evolved preferences of Figure 12 are shown in Fig-
ure 116, and similar outcomes emerge for socially learned preferences of similar magnitudes. In these cases,
each profession employs individuals almost exclusively of one gender, so the e�ects of gender-based discrim-
ination or ability di�erences are very small, and all the ability levels converge, except for the small number of
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individuals who persist in the profession that discriminates against them. As discussed for the ability-based
profession-choice results of Figure 10, the higher abilities of the under-represented gender here provide a clear
signal that isworth looking for in real professions as an indicator of discrimination. Moreover, that signal is quite
robust, in that it also arises for intermediate cases in which preferences and abilities are combined in various
ways to select the profession.

Figure 16: Average ability levels at each profession stage for each gender (Gen0, Gen1) in the baseline (Base),
abilitydi�erence (Dif) anddiscrimination (Disc) cases, for the strongevolvedprofessionpreferencesof Figure 12.
For comparison with the preference-free ability levels of Figure 110.

8.4 The inevitable question of practical importance here is: how does the emergence of strong profession prefer-
ences from success di�erentials, and the associated gender imbalances across professions, a�ect the overall
ability levels, given that they have been driven purely by individuals wanting to reach higher positions in their
chosen profession? The various ability levels for each gender at each stage of their most appropriate profes-
sion (i.e., the profession they are most likely to do well in for whatever reason) for the four profession choice
approaches discussed above are compared in Figure 17. The best overall abilities arise from ability-based pro-
fession choice, and the worst arise from random profession choice. That is not surprising, given how those
choices a�ect the individuals’ capacity to perform to the best of their potential. A less obvious result is that the
emergentprobability-basedability-independentprofessionpreferences are able tobring theability levels close
to those of ability-based profession choice, particularly at the higher stages. This could be of enormous prac-
tical importance for the society as a whole if the relevant abilities are di�icult to assess before the profession
choices need to be made. For the ability-bias approach to preferences, there is no significant di�erence in the
emergent abilities from pure ability-based choice, apart from at the entry level where they are slightly lower.
The practical di�erence here is an increased proportion of individuals in the profession their gender does best
at, 91.3% (std. dev. 0.4%) in the biased-ability case, compared with 77.7% (std. dev. 0.6%) in the pure-ability
case, which is highly significant (t test, p < 10−60).
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Figure 17: Average ability levels at each profession stage for each gender in their most appropriate profes-
sion, for the four profession choice strategies: ability-based (Ability), random (Random), ability-independent
probability-based preference (Preference), and biased ability-based (Ability bias). The results are the same for
the ability di�erence (Dif) and discrimination (Disc) cases, and for both genders.

8.5 Another practical question for individual businesses or academic departments, is what should they do if they
are confident they have eliminated all forms of discrimination but still find they have a significant gender im-
balances. Doing nothingmight not be the best option if the intake of one gender is reduced due to issues earlier
in the supply chain, or unhelpful preferences persisting from the past, or the actions of other less-enlightened
businesses or departments elsewhere, because that will harm their overall ability levels, and do little to im-
prove any inappropriate success-based preferences in the future. However, key to knowing what is best to do
is understanding what exactly is happening. Again, a couple of abstract case studies should su�ice to illustrate
the kind of results that can come out of the models.

8.6 There are clearly many gender-specific factors (such as low perceived potential for success, lack of suitable
role models, reduced self-e�icacy, and indirect forms of discrimination) that could be underlying the kinds of
career preferences discussed in the last section anddiscouraging particular youngpeople fromentering certain
professions in the first place, such as women in the field of computer science (Cheryan et al. 2017; Gurer &
Camp2001;Wang et al. 2014). Fortunately, the consequences of such initial disparities canbemodelledwithout
needing to specify exactly what factors are reducing the numbers entering the given profession. The baseline
case has equal numbers of each gender entering each professions (i.e., 50%), and that can be compared with
the case where each gender has far fewer individuals entering one profession than the other (25% and 75%).
If there are no further forms of discrimination present, no ability di�erences, and totally random choices of
profession, those initial di�erences persist throughout the profession stages as seen in Figure 18. However, if
all of the individuals choosing that profession are doing so according to their best abilities, the individuals of
the under-represented gender are likely to be at the higher end of their ability distribution, and fair promotions
allow them to rise quickly through the stages so that the gender proportions become equalized at the highest
stages. These outcomes are in clear contrast to the shrinking pipelines seen in Figure 8 for the case of gender-
based ability di�erences in discrimination-free environments, and provide further signals that can be looked
for in real populations to elucidate what is happening.
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Figure 18: Percentage of gender Gen1 at each stage when there is no discrimination and no ability di�erences,
starting at half or quarter total, for random choice of profession (rand) and ability-based choice of best profes-
sion (best). For comparison with the pipelines of Figures 8 and 9.

8.7 A related question of practical importance is how quickly can inappropriate profession preferences be reset
once they have come into being? The obvious relevance of this is for understanding how any preferences aris-
ing from discrimination in the past will change a�er the discrimination has been successfully eliminated. How-
ever, it could also be relevant for situations in which technological or cultural changes have eliminated past
gender-based ability di�erences. If strong preference probabilities have emerged slowly over long evolution-
ary timescales, like in Figures 12 and 14, it will generally take a similarly long time for them to equalize. If the
preferences emerge due to social learning based on di�erentials in the average stages achieved, as resulted in
the preference changes seen in Figure 13, then they will automatically return to 0.5 once the discrimination is
eliminated, as seen in Figure 19, with timescales that depend on the details of the processes involved. Similarly,
ability-bias preferences of the form seen in Figure 15 will automatically return to zero with timescales similar to
their original growth. However, if the preferences are driven by the numbers in the higher stages, rather than
average stages achieved, and they are low because of the existing preferences, it will be di�icult for them to
change automatically, and other measures may be required to equalize the preferences. While this issue can
clearly be explored in the models, the simulation results will only be as good as our understanding of what ex-
actly is driving the preferences and the associated timescales, and there is no reason why the social learning
cannot be manipulated to speed up the eradication of unhelpful past career preferences.

Figure 19: Social relearningautomatically resets inappropriateprofessionpreferences. All thehighand lowpref-
erence probabilities that emerged due to discrimination in Figure 13 decay back to 0.5 a�er the discrimination
has been eliminated.
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Discussion and Conclusion

9.1 This paper has introduced an agent-basedmodelling framework that enables the simulation of gender inequal-
ities in any “professions” that involve ability-driven “promotions” up through some form of hierarchy. It is gen-
eral enough toallowmodelsof gender-specific roles inany species, buthasprimarilybeenmotivatedbyadesire
to better understand human career progression. A representative series of simulation results based on typical
human career structures have beenpresented to demonstrate how suchmodels lead to reliable results across a
number of key simplified scenarios, though the eventual aim is that the approachwill be fine-tuned to generate
novel results for more realistic real-world scenarios. The models presented have served to establish how the
principal factors can be studied e�ectively within the framework, and illustrated how distinct causes can lead
to indistinguishable consequences, howgender-based individual professionpreferences canemergebynatural
selection or social learning, howapplying appropriate interventions can eliminate the e�ects of discrimination,
and how inappropriate interventions can end upmaking matters worse rather than better.

9.2 A key advantage of the models is that they may be used to identify clear signals in the outcomes that can be
looked for in real situations to elucidate the underlying causes of any gender inequalities there. For example,
some such signals already observed in the simulations presented in this paper are:

1. Di�erences in the detailed pattern of leaky pipelines of the forms seen in Figures 8 and 9 can signify
whether gender-based ability di�erences are in the means or in the variances.

2. Under-represented genders having higher abilities in the higher career stages, as seen in Figures 10 and
16, is likely to be a sign of discrimination against that gender.

3. Under-represented genders having lower abilities in the higher career stages, as seen in Figure 11, is a sign
that inappropriate intervention in favour of that gender may be happening.

4. An initially under-represented gender becomingmore equally represented in the higher career stages, as
seen in Figure 18, is a sign that inappropriate profession preferences may exist.

9.3 It is expected that more specific signals will be identifiable in models more closely tuned to particular real-life
professions.

9.4 To simplify the analysis and presentation, the scenarios simulated in this paper have been subject to a number
of simplifications and approximations. In particular, all the models reported have involved only two profes-
sions, and all the gender-based di�erences have been symmetric across those professions. In reality, of course,
there exist manymore than two professions, the individual abilities do not neatly align with those professions,
and there is a distinct lack of symmetries throughout. There will also usually be more than one organization
(e.g., business or university) for each profession, and switching between them is a common feature of real-life
career progression. Nevertheless, the proposed modelling framework is general enough to cope easily with
such extensions. The results presented in this paper will then serve as the baseline against whichmore realistic
simulations can be compared.

9.5 A common problem with such models is that there are far too many potential gender-based e�ects for it to be
possible to simulate all the possible combinations. However, there already exist numerous ideas and hypothe-
ses that could be testedwith the approach, and given that there are somany additional factors that could easily
bebuilt into themodels, it is hoped that the general agent-based simulation approachwill becomemorewidely
used in the future. The range of issues that could be tested explicitly with it in the future can be illustrated by a
few specific examples: The first concerns the idea that gender di�erences in risk takingmight lead todi�erences
in the variance of certain abilities or promotion strategies (Robison-Cox et al. 2007; Schubert 2006), which ties
in with evidence that testosterone a�ects financial risk aversion and career choices (Sapienza et al. 2009). An-
other relates to the existence of distinct career paths to the highest stages of some professions, with di�erent
gender e�ects for each (Robison-Cox et al. 2007). For situations where individuals’ learning or experience or
professional output increase their perceived abilities in line with the number of years in their chosen profes-
sion, or at each stage in that profession, it would be interesting to investigate the di�erent age distributions
that emerge for each gender at each stage, and explore the e�ects of related factors such as maternity leave. It
would also be straightforward to look at fixing the number of individuals at each profession stage, rather than
leaving them to emerge by promoting a fixed fraction of eligible individuals each year, whichwould lead to sim-
ulationsmore like those of the corporatemanagement study of Robison-Cox et al. (2007) than themerit-based
promotionsmore typical of academia. Further hypotheses that could easily be explored in themodels are that
one gender tends to bemore aggressive about seeking promotion, or quicker to give upwaiting for promotion,
or more likely to switch between professions or between di�erent organizations within a profession.

JASSS, 21(3) 7, 2018 http://jasss.soc.surrey.ac.uk/21/3/7.html Doi: 10.18564/jasss.3738



9.6 There are also several further details, that have previously been explored and optimized in related simulations
of life history evolution (Bullinaria 2009, 2017), that could be incorporated relatively easily into the gender-
based modelling approach presented here. The simplest of these concern the possibility of allowing abilities
and preferences that vary with age, and replacing any parameters fixed at particular values with parameter
value distributions or values that can evolve throughout the simulations. It is also an obvious limitation of the
human-inspiredmodels presented in this paper, and the variations suggested so far, that they are all restricted
to the span of adult careers, and based on the ability levels individuals have on entering those careers at age
20 years. It would clearly be worthwhile and informative to extend the range of the models to cover the whole
human life span, from birth, through the various stages of childhood and education, and on through the adult
careers stages already modelled. That would allow the modelling of the emergence of any adult ability di�er-
ences that are culturally acquired, rather than innate, and enable the exploration of potential interventions in
the pre-career stages that might lead to better adult outcomes. One could even go as far as having full-scale
models of meme-based individual and social learning of the abilities necessary for particular professions and
the associated profession preferences, and possibly also introduce finer-grained details like gender-specific
timing preferences for all the relevant crucial events, such as seeking promotion, child rearing, retirement, and
so on. Finally, it is likely that some researchers will be less interested in human careers, and prefer to use the
approach tomodel gender-specific roles in the life history evolution of other species, including investigation of
how the abilities and preferences for particular roles co-evolve.

9.7 Hopefully, this short paper has been su�icient to demonstrate how the general agent-based modelling frame-
work proposed can allow all manner of gender-based career progression factors to be explored in a more sys-
tematic manner than previously, in which all the assumptions and simplifications are explicit, and the e�ects
quantifiable. It is inevitable that some readerswill disagreewith the particular assumptions and simplifications
employed in the simulations presented here, but these things can easily be varied. The aim is that progress will
be made in the future by other researchers seeing the power of this approach and using it themselves to test
the consequences of the various assumptions and simplifications, and performing simulations more carefully
matched to their own data and beliefs.

Appendix: Simulation Framework Structure

The simulation framework presented in this paper is very flexible, and additional parameters can easily be
added and evolved or socially learned in various di�erent ways. There are also an enormous variety of op-
tions for the underlying gender-based ability di�erences and discriminative practices, the profession choice
strategies, the emergence and application of profession preferences, and how interventions might be used to
minimize gender imbalances. The following outlines the general structure of the basic frameworkwith pointers
to where the various additional features would be inserted. It also summarizes the key parameter values used
in the simulations underlying each figure in this paper.

/ / Key parameters and va lues i n the presented s imu l a t i on s

i n t NumYears / / s imu l a t i on run leng th in yea r s = 10000 f o r a l l f i g u r e s
i n t PopSize / / s i z e o f s imula ted popu la t ion = 10000 f o r a l l f i g u r e s
i n t NumStages / / number o f p r o f e s s i on s tages = 7 f o r a l l f i g u r e s
i n t MinAge / / age when in t roduced i n t o s imu l a t i on = 20 f o r a l l f i g u r e s
i n t MaxAge / / age at r e t i r emen t and l e a v i n g s imu l a t i on = 70 f o r a l l f i g u r e s

f l o a t x / / f r a c t i o n promoted at each p ro f e s s i on s tage each year
/ / v a r i ed in F i g 1 ; = 0 .06 e lsewhere

i n t w / / yea r s wa i t be fo re becoming e l i g i b l e f o r promotion
/ / v a r i ed in F i g 2 ; = 0 f o r F i g 1 ; = 7 f o r F i g 5 ; = 4 e lsewhere

i n t g / / yea r s w i l l i n g to wai t f o r promotion be fo re g i v i n g up
/ / v a r i ed in F i g 3 ; = ∞ f o r F i g s 1 , 2 , 5 ; = 12 e lsewhere

/ / Data s t r u c t u r e f o r each s imula ted i n d i v i d u a l i

I n d i v [ i ] = {
i n t gender / / gender (0 or 1 )
i n t age / / cu r r en t age
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f l o a t a b i l 1 , a b i l 2 / / a b i l i t i e s f o r p r o f e s s i o n s 1 and 2
f l o a t p re f 1 , p r e f 2 / / p r e f e r ence s f o r p r o f e s s i o n s 1 and 2
i n t p ro f / / chosen p ro f e s s i on ( 1 or 2 )
i n t s tage / / cu r r en t p r o f e s s i on s tage
f l o a t yacs / / yea r s a t cu r r en t p r o f e s s i on s tage
maybe add i t i o n a l evo lved or s o c i a l l y l ea rned parameters

}

/ / Pseudo−code ou t l i n e f o r each s imu l a t i on

RunSimulat ion ( ) {
NewInd iv idua l ( 1 to PopSize )
f o r year = 1 to NumYears {

f o r i = 1 to PopSize {
I n d i v [ i ] . age ++ , I n d i v [ i ] . yacs ++
i f ( I n d i v [ i ] . age > MaxAge OR I nd i v [ i ] . yacs > g ) NewInd iv idua l ( i )
maybe apply exper ience−r e l a t e d a b i l i t y i n c r e a s e s

}
ApplyPromotions ( )

}
}

NewInd iv idua l ( i ) {
I n d i v [ i ] . gender = random 0 or 1
I n d i v [ i ] . age = MinAge
/ / a b i l i t i e s may have gender−dependent means or va r i an ce s :
I n d i v [ i ] . a b i l 1 = random from Gauss ian d i s t r i b u t i o n
I n d i v [ i ] . a b i l 2 = random from Gauss ian d i s t r i b u t i o n
/ / p r e f e r ence s may be p r o b a b i l i t i e s or a b i l i t y b i a se s :
I n d i v [ i ] . p r e f 1 = depends on p ro f e s s i on p re f e rence d e t a i l s
I n d i v [ i ] . p r e f 2 = depends on p ro f e s s i on p re f e rence d e t a i l s
/ / p r o f e s s i on depends on cho ice s t r a t e g y and maybe p re f e r ence va lues :
I n d i v [ i ] . p ro f = 1 or 2
I n d i v [ i ] . s tage = 1
I n d i v [ i ] . yacs = 0
evo l u t i on or s o c i a l l e a r n i n g o f any add i t i o n a l parameters

}

ApplyPromotions ( ) {
f o r p r o f e s s i on = 1 to 2 {

f o r s tage = 1 to NumStages {
s e l e c t i n d i v i d u a l s with g iven p ro fe s s i on , s tage and yacs ≥ w
so r t by a b i l i t y , maybe ad jus ted by some form of d i s c r im i n a t i o n
f o r i n d i v i d u a l s i i n f r a c t i o n x with h i ghe s t a b i l i t i e s {

maybe apply i n t e r v e n t i o n to equa l i z e numbers o f each gender
I n d i v [ i ] . s tage ++ , I n d i v [ i ] . yacs = 0

}
}

}
}
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