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Abstract

Many countries around the world are facing major economy-wide
transitions over the next few decades in order to meet the goals of the
Paris Agreement. While much modelling has been done to understand the
economic and environmental implications of different transition scenarios,
many of these models do not account for labour market frictions that limit
workers’ mobility. We make a technical and empirical contribution to the

question of how worker mobility plays a role in such economic transitions.

The technical contribution of this thesis is to extend a data-driven
labour market model that accounts for labour mobility and second order
frictions in the labour market. We extend the network-based model to
include regional mobility, and also to include multiple job applications,
on-the-job search, and wage driven dynamics. We present a deterministic
approximation to the full model, notably for multiple job applications in
such a model. This approximation enables fast evaluations of the model,
which in turn enables exploration of the parameter space, and the use of

detailed occupations and multiple regions.

Empirically, we visualise and analyse the network of occupational and
regional mobility for Brazil for the first time. We then combine our model
with two development pathways for Brazil to study how a productivity
shift in either manufacturing or agriculture may affect occupation-level
unemployment. We find that a poorly managed productivity shift could

increase inequality.

The flexible, data-driven model framework we present can also be used to
understand the labour market impacts of other net zero transition policies,

as well as other economic transitions, such as automation.
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Mathematical notations

Throughout, we use the following notation for the stochastic agent-based model:

e Upper-case letters denote occupation-region pair level stochastic variables, for
example Ujq, is the number of workers unemployed in occupation ¢ and region

« at time t.
e Lower-case letters denote conditional probabilities.
e Calligraphic letters denote parameters, e.g. the empirical mobility network A.
e [ represents the set of occupations, and R, the set of regions.
e [ is the expected value of a random variable.

Specifically for the deterministic approximation to the full agent-based model, we use

the following:

e A bar on lower-case letters denotes the occupation-region pair level expected

value, e.g. Uq; (see Section 3.1.2 for details).

e Lower-case bold letters denote the set of expected values for all pairs of

occupations in I and regions in R, that is u; = {Uja:t }inerxr-

1X



Chapter 1

Introduction

The United Nations believes that ‘climate change is the defining issue of our time’
and if we are to achieve many of the net zero carbon goals set out by countries
across the globe, we need to understand how a rapid post-carbon transition will
affect every aspect of society. There is significant concern about the possible impact
on employment, particularly for workers currently employed in emissions-intensive
jobs [1, 2, 3].

Previous studies aiming to quantify the employment impact of environmental or
emissions reduction policies often rely on models in equilibrium that assume labour to
be unrealistically flexible [4, 5, 6]. There is also little regard given to the geographic
concentration of employment in emissions-intensive industries, the challenges that
these workers may face in transitioning into other lines of work, or how this transition
may exacerbate inequality [7, 8, 9].

Arthur [10] argues that Complexity Economics is the way forward to address a
number of these shortcomings; to understand how agents behave in many subfields
of macroeconomics without assuming equilibrium, including the labour market.
So, we extend the labour market model developed by del Rio-Chanona, Mealy,
Beguerisse-Diaz, Lafond, and Farmer [11] to study the low carbon transition. Their
agent-based model of the labour market uses a network and is designed to be able to
investigate any external labour market shock.

The flexibility of the del Rio-Chanona et al. framework allows the agent-based
model to be applied to different economic transitions and the deterministic
approximation enables quick evaluations. This enables parameter exploration and
calibration without the need for a scaled down population. The full agent-based
model is described by a set of stochastic equations and processes. To calculate a
deterministic approximation, we take the expectation of every stochastic process at

each time step. This gives us a system that runs up to 20 times faster than the full



agent-based model. We give due attention in this thesis to deriving this approximation
as we add complexity to the model, so that it remains practical to use, especially for
our analysis of detailed occupations.

The term agent-based model is used in a loose way to describe the del Rio-Chanona
model. We acknowledge that the model does not fulfil the criteria of an agent-based
model set out in the literature. Wooldridge and Jennings [12], in computer science,
state that agents must have autonomy, social ability, reactivity, and pro-activeness.
In social science, an agent-based model is defined as a model with heterogeneous,
autonomous agents that interact with each other and within some social structure,
and are boundedly rational [13, 14, 15]. For now, the stochastic model presented in
this thesis does not fulfil these criteria however, it is able to provide insights into
questions of labour mobility frictions and their interaction with demand scenarios
and the framework is set up to be extended in these ways where further complexity
can be added to the agents (workers). In this thesis, we use the term ‘stochastic
agent-based model” for the full stochastic model and ‘deterministic approximation’
for describe the deterministic system of equations that can be used to approximate
the full model.

Moretti [16] labels the increase in the inequality of job opportunities as ‘the
Great Divergence’ of US cities, emphasising how much one’s geographic location
influences one’s employment prospects in the US. Therefore firstly, we introduce
regional mobility into the del Rio-Chanona et al. model. Understanding migration
between regions, and countries, has many lenses and, as better data becomes available,
so do our models. We discuss different regional mobility models before extending the
del Rio-Chanona et al. model to include both occupational and regional mobility.

Next, we discuss a case study modelling the transition to a low carbon economy
in Brazil. Although the Amazon Rainforest is one of the world’s largest carbon
sinks [17], deforestation and agricultural activity mean that Brazil is among the
largest greenhouse gas emitters [18]. Additionally, Brazil’s energy matrix is one of
the least carbon-intensive in the world. A key focus for Brazil, therefore, is to reduce
deforestation and develop sustainably over the next decade, with a commitment
to lower emissions by 53% compared to 2005 levels by 2030 and a 2050 goal of
carbon-neutrality, as set out in its Nationally Determined Contribution [19]. To
help understand this pathway for Brazil, Ferreira Filho and Hanusch [20] model
productivity pathways with a 0.5% total factor productivity increase, including one

in the manufacturing sector and the other in the agriculture sector. Using these



scenarios as target demand for our labour market model, we identify the possible skill
and spatial mismatches involved in such pathways for Brazil.

To incorporate both skill and spatial mismatches, we construct an empirical
mobility network with regional and occupational mobility. Through network analysis,
we are able to understand the mobility patterns observed in Brazil, as well as how
closely different occupations, regions, and demographics are represented in the data.
We find that the regional mobility of workers across Brazil mirrors the geographical
relationships between regions, and that transitions happen mostly within, rather than
between, regions. When looking at occupational mobility alone, we find that similar
occupations are close to each other, as are occupations with higher wages. Using this
network, we are able to understand the rich structure of the mobility data, before
using it in our modelling.

Applying the two distinct growth pathways to the extended del Rio-Chanona et al.
model gives quantitative forecasts of detailed occupation and region unfilled vacancy
rates, unlike much of the literature that identifies such ‘hard-to-fill’ vacancies using
qualitative methods such as surveys [21, 22]. We find that a productivity increase in
the manufacturing sector will be smoother for most workers, as the unemployment
rate is lower than the baseline in a large majority of occupations and regions. However,
there are also many occupations and regions where frictions created by a shortage of
workers may affect the manufacturing growth path. We find a disconnect between
occupations and regions with excess labour supply or demand which means that
labour frictions are likely to slow down these growth pathways. Retraining and
relocation policies need to be considered to enable smoother development in Brazil
and our results identify where these should be targeted. Including geography in the
model enables us to highlight to policy makers to what extent skill or spacial frictions
are the key to enabling a smooth transition.

Finally, we make enhancements to the model by dropping some simplifying
assumptions from the del Rio-Chanona et al. model as three important mechanisms
in the labour market are currently missing. These are employer-to-employer
transitions [23, 24, 25|, which account for a significant portion of job transitions,
multiple job applications to allow for the different search intensities of employed
versus unemployed workers [26, 27|, and wage driven dynamics [28, 29]. We compute
the deterministic approximation of the extended full agent-based model by taking
expectations of all the stochastic processes that determine the agents’ movements, to
ensure the extended model remains practical for use with hundreds of occupations

and multiple regions. We show that the approximation accurately represents the



agent-based model with toy model scenarios and analysis of the approximation error.
We finish with analysis of the impact of the new parameters on the model outputs,
using the automation shock studied by del Rio-Chanona et al. Thus showing that
the resulting extended model is ready to be applied to other economic transitions, as
well as for improvements to calibration.

Ultimately, this thesis contributes a granular, flexible, data-driven agent-based
model of the labour market. We present multiple extensions to a unique stochastic
model, including regional mobility, and calculate a deterministic approximation to
the model. We construct and study the mobility network for Brazil, and discuss the
labour market impacts of two growth pathways. This thesis adds to a growing body of
literature using data-driven, agent-based models to study economics, and particularly
the impact of the post-carbon transition, which is needed if we are to mitigate the

human cost of the climate emergency we face.

1.1 Publications and presentations

During the course of this DPhil, this work was presented in various forms at the

following:

e April 2022 — Poster (winning Best Student Poster) at the British Applied
Mathematics Colloquium, University of Loughborough — Modelling the labour

market: Can we predict occupation transitions?

e June 2022 — Talk at the Workshop on Economic Science with Heterogeneous
Interacting Agents, University of Catania, Italy — Modelling the labour market

and understanding occupational mobility in the US

e July 2023 — Talk at Network Science, University of Vienna, Austria — Measuring

labour mobility frictions of the green transition in Brazil

e Autumn 2023 — Capacity Building sessions, Delhi, India and London, UK

(in-person), and online for Brazil and China — Labour market modelling

e February 2024 — Talk at Women and Non-Binary People in Mathematics Day;,
University of Oxford — Region and occupation bottlenecks of the net zero

transition



The work presented in Chapters 3 and 4 is based on a manuscript that is currently
accepted, pending minor revisions, at Nature Sustainability. The first version of this
work is available on arxiv at https://arxiv.org/abs/2503.05310 under the title

‘Skill and spatial mismatches for sustainable development pathways in Brazil’.

1.2 Thesis overview

In this thesis, we discuss work carried out for The Economics of Energy Innovation and
System Transition (EEIST) project, working at the time with the UK Government
Department for Business, Energy, and Industrial Strategy,! and a collaboration with
the World Bank for the Brazil application. The work in Chapter 4 does not represent
the views of the World Bank, or the countries it represents.

After discussing general labour market literature including networks and
agent-based modelling in Chapter 2, we present the del Rio-Chanona et al.
agent-based model in Chapter 3 with the deterministic approximation to the full
stochastic agent-based model. We then discuss modelling regional mobility, construct
a network of occupations and regions which allows us to use network analysis
techniques to study worker mobility in Brazil, and present a simple toy model with
the regional del Rio-Chanona model. In Chapter 4, using the regional occupational
mobility network, we apply our framework to two growth pathways for Brazil, finding
that an unmanaged productivity increase could increase wage inequality and lead to
unemployment and unfilled vacancies in some occupations and regions.

In Chapter 5, we extend the del Rio-Chanona et al. model further, adding
complexity to three modelling assumptions; we add on-the-job search, allow agents
to send multiple job applications, and include wage driven dynamics. We derive the
new deterministic approximation for the extended model and show qualitatively that
it reflects the full stochastic model. We present a final case study in Chapter 6 to
illustrate the impact of the new parameters introduced through the model extensions

on an automation shock, and finally, we conclude in Chapter 7.

Now split into three different departments, including the Department for Energy Security and
Net Zero.
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Chapter 2

Literature review

Previous work to understand the labour market and the impact of transitions ranges
from retrospective analysis of specific policies to macroeconomic models for predicting
future labour demand. In this section, we first discuss the broad literature reviewing
historic labour market impacts from external shocks aimed at a greener economy. We
then focus on various predictions for the labour market impacts of a transition to
net zero, with much research carried out using input-output models and computable
general equilibrium models. We then go on to discuss research into how skills and
geography might affect the transition. Much of the recent research into labour market
impacts represents the labour market structure with a network, and we discuss the
various network approaches next. Finally, we discuss agent-based models of the labour
market and our motivation to use and extend the model presented by del Rio-Chanona
et al. [11].

2.1 Historic environmental policy impacts on
labour

To understand the labour market impacts of specific policies, some studies have
looked into the impact of previous environmental regulations on employment. There
is evidence of mixed employment impacts after environmental regulations and policies
have been enacted. Often, research finds no dramatic impact on employment. For
example, Berman and Bui [4] find no evidence that local air quality regulation in Los
Angeles substantially reduced employment. Gray et al. [30] investigate the impact
of the Cluster Rule on employment. The Cluster Rule was imposed on the pulp and
paper industry in the US in 1993 to reduce toxic releases into the air and water by

pulp and paper plants. Although there was one group of plants with a statistically



significant reduction in employment, in general the Cluster Rule had only very small
effects on employment. Also, Morgenstern et al. [31] find that increased environmental
spending in the US in four heavily polluting industries did not cause a significant
change in employment. Looking at the industry level, they find not only job losses but
job creation at emissions-intensive factories due to increased environmental spending
and so, the opposition to climate policies on the basis of ‘jobs versus the environment’
is likely to be unfounded.

However, there is some evidence from other environmental regulations that might
back up this opposition. Liu et al. [1] look at the impact of a new wastewater
standard on textile printing and dyeing enterprises in the Jiansu region in China.
They find that labour demand decreased overall by 7% and that the effects felt by
different types of enterprises were heterogeneous. Considering the US Clean Air Act,
Walker [3] estimates a 15% decrease in employment in non-attainment® areas, relative
to that in attainment counties, and Greenstone [32] estimates 590,000 job losses in
non-attainment counties.

These studies use typical economic methods such as difference-in-difference
analysis and instrumental variable techniques. They seek to identify the causal effect
of the regulation of interest. These studies are somewhat focussed, each considering
one environmental policy with some identifying impacts at the plant-level [30], and
others at the regional level [1]. These studies, that aim to quantify the employment
impacts of historic environmental policies, highlight the nuances within the labour
market that need to be considered when thinking about environmental policies. That
is, such policies aimed at facilitating the transition to a green economy do not always
create, nor always destroy, jobs and so the impacts of future policies needs to be

considered.

2.2 Labour market modelling

Adding to the literature reviewing historic environmental policies, modelling efforts
try to enable predictions of the impact of future policies. In this thesis, we focus
on these models developed to look specifically at the labour market impacts of the
post-carbon transition. While many researchers find that the post-carbon transition
is likely to result in net job creation, shifts towards more sustainable development
pathways will likely create and destroy jobs; a number of methods are used, including

input-output models and computable general equilibrium (CGE) models.

1US counties with emissions above the level required by the act were labelled non-attainment.



Garrett-Peltier [33] develops an input-output model to understand the effect of a
$1 billion government spending shift from fossil fuels to clean energy. Garrett-Peltier
finds that every $1 million shifted from brown to green energy destroys 2.65 brown
jobs and creates 7.49 green jobs, causing a net increase of five jobs. However, this
model can only be used for short term prediction as it does not account for changes
in the input-output structure of an industry, which is inevitable for new, fast-growing
industries (such as solar energy). Additionally, there is no consideration of skill
requirements or ease of transition for workers moving between the industries where
the increase or decrease in labour demand is concentrated.

Similarly, Montt et al. at the International Labour Organisation [34] use an
input-output model to investigate the global employment impacts of keeping global
temperatures to 2 degrees above pre-industrial levels. They find a net increase in
employment but that to realise this increase the necessary job reallocation across
industries could be significant. Again, this reallocation does not consider the
occupation or skills of workers required to transition.

These input-output models are good for short term estimates and understanding
indirect effects that propagate through the input-output network. However, these
models are limited because they ignore changes in input structure and, in any
reallocation, do not consider the difficulty faced by workers required to change jobs.
In this thesis, we aim to tackle the question of the difficulties faced by workers but
our model is also limited by the changes to the underlying mobility network used. In
Section 2.6, we discuss a model that does manage to overcome these limitations [35]
and in Chapter 7, we detail how this reliance on a static network might be removed.

Analysis using computable general equilibrium (CGE) models to understand the
net zero transition also find different aggregate labour market impacts. For example,
Fragkos and Paroussos [36] develop a CGE model to evaluate the recent European
Union (EU) Energy and Climate policy framework [37]. Using the employment factor
approach, they predict that the transition to a low-carbon economy will directly create
200,000 jobs in the energy sector. Further analysis using their CGE model finds
that the transition could lead to a reallocation of about 1.3% of jobs in the EU by
2050. Ram et al. [38] also use the employment factor approach and find that a 100%
renewable power system may result in an increase in jobs in the energy sector from
21 million in 2015 to 35 million in 2050. However, this research does not consider the
policies required to enable the transition of workers into these new jobs.

Not all CGE models conclude that the post-carbon transition will result in net

job creation. Castellanos and Heutel [5] develop a CGE model and consider the



effects of a carbon tax under perfect mobility and perfect immobility of labour. In
both scenarios, they find that aggregate unemployment could increase by 0.2-0.4
percentage points. In the perfect immobility scenario, the effect on unemployment
in fossil fuel sectors is much larger, reaching a 24 percentage-point increase for the
coal sector. They conclude that by not considering mobility frictions, models risk
greatly under-predicting sectoral labour impacts. Hafstead and Williams [6] develop
a two-sector computable general equilibrium model to compare the employment effects
of environmental performance standards and environmental taxes. They find that,
while aggregate impacts on employment are small, a substantial employment shift
from the polluting sector to the non-polluting sector will be required. Although the
authors consider two sectors, there is no dissagregation to occupation level effects.

AlShehabi [39, 40] develops a CGE model focused on modelling energy, crude oil,
and production in Iran. They show that returning crude oil and fuel subsidies to
households has adverse labour market effects while investing the subsidies improves
the labour market. Liyanaarachchi, Naranpanawa, and Bandara [41] also use a CGE
model to study the impact of a trade liberalisation policy in Sri Lanka. They find
that such a policy would have mixed impacts such as increasing economic growth but
also increasing income inequality. Neither of these models consider worker mobility
frictions when assessing the labour market impacts of different policies.

Collectively, these CGE models are good for their flexibility in assessing different
policies and providing quantitative estimates of the aggregate demand impacts of
these policies. However, they assume equilibrium and largely overlook labour market
frictions (Definition 2) or the difficulties workers might face in finding a new job. It has
been shown repeatedly that labour market frictions are important when studying the
impacts of economic policy relating to sustainable development [42] and sustainability
transitions [43], such as net zero [44]. This is to avoid missing complex dynamics, such
as the transitions workers make in reaction to labour demand changes and the indirect
effect of these job transitions on neighbouring occupations. Therefore, to answer
specific questions relating to labour market frictions and the impacts of economic
policy on workers, we next consider research into key mechanisms within the labour

market.

2.3 Skills

One of these key mechanisms is the consideration of workers’ skills, and the possible

disparity in skill requirements of the occupations that workers need to transition



between. The OECD highlights the need for further research in this area [45].

Vona [2] emphasises the importance of research into so-called green jobs, due to
the disparity between the skill requirements of emissions-intensive jobs and green
jobs. Bowen et al. [46] use the O*NET database and its classification of green
jobs to estimate the impacts that these green jobs will have on the labour market.
They find that the jobs classified as ‘green’ by O*NET require a range of green and
non-green tasks, concluding that jobs should be defined using a continuum, rather
than a binary characteristic. However, in contrast to Vona, they conclude that the job
transitions induced by the post-carbon transition are likely to be similar to existing
job transitions.

More recent analysis of job vacancies and skill descriptions agrees with Vona, and
suggests that skills and wage gaps can arise during the post-carbon transition. Sato et
al. [8] find that low-carbon jobs are more skills intensive but, in recent years, have not
come with a wage premium. Saussay et al. [47] also find that the skill requirements
of low-carbon jobs differ from high-carbon jobs in important ways. Both of these
studies conclude that careful consideration will be needed to facilitate the transition
to a low-carbon economy if we want to ensure workers of all skill levels can find
employment.

If the new skill requirements of low-carbon jobs are not addressed, economies
may face a skill mismatch (Definition 3) between available workers and available
jobs. Biicker et al. [9] find strong evidence of a skill mismatch between jobs
created and jobs destroyed during a rapid decarbonisation of the power sector, with
industries struggling to find suitably skilled workers and displaced workers struggling
to find employment. As well as possibly impacting the transition to a low carbon
economy, skill mismatches have been shown to negatively impact displaced workers’
earnings [48] and workers particularly affected by skill mismatch early in their career
are at risk of persistent lower career earnings [49, 50].

A policy-based solution to combat skill mismatches has, so far, been difficult to pin
down. McGuinness, Pouliakas, and Redmond [51] find that there are many different
causes of skill mismatch and more work is needed to find effective policy solutions.
Adalet McGowan and Andrews [52] compare skill mismatch with policies in 22 OECD
countries, and find certain policies that are associated with lower skill mismatch, such
as laws that do not over-penalise business failure, as well as specific job-related factors
such as negotiable wages and continued education during employment. However,
Kupets [53] warns that over-education and skill mismatches can coincide during

economic transition, therefore, more education is not necessarily the solution.
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Skill mismatches can lead to ‘hard-to-fill’ vacancies in specific occupations, slowing
down transition pathways. Much of the current work looking to identify occupations
with ‘hard-to-fill’ vacancies uses anecdotal reports by employers [21]. Attstrom et
al. [22] go further and categorise a vacancy as ‘hard-to-fill’ if open for at least
three or six months, or is expected by employers to be ‘hard-to-fill’ in the upcoming
year. Lankhuizen et al. [54] identify that geographical and inter-industry differences
between available workers and open job vacancies might slow down the energy
transition in the Netherlands but there is little occupation level quantitative research
into these unfilled vacancies. In this thesis, we address this gap in the literature
by identifying occupations with unfilled vacancies using a quantitative model of

occupations and regions.

2.4 Geography

As well as skills, it is well studied that geography plays a key role in labour market
outcomes for workers and employers. The research considers all aspects, including
regional differences in unemployment, firm success, and inequality [16]. We start this
section with a look at some analytic studies of these regional differences.

Bilal [55] identifies that the geographical concentration of employers in similar
industries leads to increased spatial disparity of job opportunities and unemployment
for workers. Jara-Figueroa et al. [56] study the importance for new firms of hiring
workers with geographical, industry, or occupation knowledge and find that hiring for
geographical and industrial knowledge increases their chance of firm success. Overman
and Zu [57] find that spatial differences between regions in the UK lead high-wage and
high-skill workers to be geographically concentrated and policies to combat inequality
of job opportunities need to carefully consider workers at both ends of the skill
spectrum. Dickey and Magante [58] look further at the drivers of regional migration
in the UK and find that skills, housing, and wages are among the key motivations.
Overman and Zu, and Dickey and Magante’s findings are complemented by the work
around urban wage premiums and their complex causes [59, 60, 61]. These studies
of existing data identify the spatial disparities in factors such as job opportunities,
wages, and skill requirements, and demonstrate the importance of geography when
thinking about the labour market.

In order to investigate the causes of spatial differences and the possible impacts
of future regional shocks, other researchers model geography in the labour market,

with a range of different approaches. Some CGE models have been developed with a
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spatial dimension, these models allow for different region-level effects not previously
modelled in national-level CGE models [62, 63]. Specifically, these models account
for location-specific differences, such as infrastructure, environment, and production.
However, similar to the work described in Section 2.2, these CGE models have
limitations, including assuming equilibrium and overlooking occupation level frictions.

Other studies use models that were specifically developed to study the labour
market. Kuhn, Manovskii, and Qiu [64] extend the classic DMP model to include
on-the-job search and study the causes of spatial differences in the labour market.
The DMP model, named after the 2010 Nobel prize winners Diamond, Mortensen,
and Pissarides, is itself a search and matching model, presented in full in the second
edition of Pissarides’ book [65]. Briefly, unemployed workers search for jobs and firms
post vacancies. A match is dependent on some wage bargaining in which the firm
and the worker compare the benefit of a match with the cost of no match. With
the extended model, Kuhn, Manovskii, and Qiu find that two thirds of geographical
differences in unemployment can be attributed to different job-separation rates, with
the remaining one third attributed to different job-finding rates, highlighting the need
for regional modelling of labour market dynamics.

Another widely used regional labour market model is Blanchard and Katz’ [66]
1992 model of labour mobility. They model worker movements between regions
to understand unemployment and employment differences. They do not consider
mobility frictions or different occupations, but their model has been extended in many
directions, notably by Vega and Elhorst [67], who include spatial relationships. In the
Blanchard-Katz model, regions are independent. Vega and Elhorst include geography
to relate regions to each other in spatial ways, for example sharing a border, or
journey time. They find that regional shocks hit the primary region hardest but also
dissipate into neighbouring regions, with some time delay. This shows that analysing
demand shocks at the regional level can give insight into how impacts dissipate across
a country; this motivates our extension of the labour market model in this thesis to
include geography.

Others modelling regional labour mobility look at the decision making processes
of individuals, or households. Kern and Stein [68] model the decision making
process of couples using multilevel structural equation modelling. They show that
including partnerships and two-step decision making in their model improves their
ability to explain the mobility data, concluding that this is evidence of partner and
contextual effects in decision making about regional mobility by couples. Modelling

decision making gives an insight into motivations behind migration, and job switching,
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however, in this thesis we do not model decision making explicitly, rather abstracting
this process with a network.

Remote work has changed the impact of geography on some jobs. The COVID-19
pandemic accelerated remote working and since, there have been numerous studies to
quantify occupations which can be performed remotely [69, 70, 71] and to understand
the impact of remote work on the labour market. Among these, Althoff et al. [72]
identify that, in the US, cities are most likely to feel the effects of remote work as they
have the highest concentration of jobs with the possibility for remote work. They also
find that remote work has one-sided consequences for service workers in cities, who
depend on business workers’ spending. Complementary to the US, Luca, Ozgiizel
and Wei [73] find further evidence that cities are at risk in 30 European countries.
However, they note that a city exodus could give rural areas an opportunity to attract
remote workers, potentially reducing spatial differences in the labour market.

Looking at the transition to net zero, Lim, Aklin, and Frank [7] find that
understanding the geographical distribution of possible inequality is important for
policy makers to navigate the net zero transition. Additionally, While and Eadson [74]
study the economic restructuring needed to transition to a low-carbon economy and
emphasise the possibility of further geographic inequality as a consequence of such a
transition.

We have reviewed research that shows that both skills and geography need to be
considered by policy makers in the net zero transition [47, 44], however, they are
often treated separately in the modelling literature. Such research does not enable
modelling of the interaction of skills and geographical disparities or quantify which
is more important for labour market outcomes. In this thesis we address this gap by

studying skill and spatial mismatches together, using a network.

2.5 Networks

Networks have been used to represent many different systems, from social networks to
physics. A network is a way to represent relationships between objects. We represent
the objects as nodes, say people in a karate club, and the relationships are represented
with edges, say the presence of interactions outside of the club between two members.
Using networks gives us a powerful way to analyse the structure of these systems, such
as finding central objects, identifying communities, and calculating connectedness and

relatedness of people or objects [75, 76].
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In the labour modelling literature, much of the work incorporating networks
started with social networks. A worker’s social network is a key tool they can leverage
when looking for a new job. In 1991, Montgomery [77] developed a model with
workers and firms to understand how finding jobs through connections and hiring
workers through referrals affects wages and profits. Using a random network for social
connections between workers, they find that better connected workers achieve higher
wages and firms that hire more through referrals make more profit. Calvé-Armengol
and Jackson [78] find it is beneficial for unemployed workers to have more employed
workers in their social network, in order to hear about more job openings. They
later extend their model [79] to include wages and find persistent wage differences for
agents starting as employed versus unemployed.

In this thesis, we expand on the more recent work that constructs networks to
model the structure of occupations, regions, and industries instead of incorporating
social networks into our model of labour market dynamics. This area of work began
with the doctoral thesis of Gianelle [80] in 2010 who constructed the first network of
job transitions. From there, as the field of network science was growing, Guerrero and
Axtell built a national firm-level labour-flow-network (LFN) [81] and used network
techniques to analyse worker mobility. In a series of studies, Guerrero and Lépez
developed this field, leading to using the LFNs as the basis for a stochastic model,
the first of its kind to incorporate the rich network structure we discuss in this section
into a labour market model [82, 83, 84].

There are many different ways to construct these networks, with edges able to
represent anything such as co-occurrences, worker flow between nodes, and similarity
of nodes. For example, Hartmann et al. [85] use a bipartite network of occupations
and industries to construct a network of occupations, based on their co-appearance in
industries. They find strong community structure which exposes a gender split, as well
as differences in education, wages, and racial diversity. Schmutte [86] also constructs a
bipartite network of occupations and industries, providing insights into the structure
of mobility in the labour market. In fact, much analysis of these networks finds rich
structure and clustering of different demographics, indicating the need to consider
the relationships between occupations when modelling the labour market.

Another way to construct an occupation level network is to look at the similarity
of the work carried out by occupations. Christenko [87] develops a network where
nodes are connected based on the tasks workers perform in each occupation. An edge
is present if two occupations share work activities, normalised by the importance of

each activity and the knowledge required. This work closely follows the work by
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Mealy et al. [88] who construct a ‘job space’ network using a broader definition of
work activities and find that the occupations split into nine clusters.

As well as building links using characteristics such as work activities and industry
co-appearances, a popular construction of labour networks is to measure labour
mobility. At the industry level, relationships between industries can be identified.
Neftke, Otto, and Weyh [89] study inter-industry labour flows and find the network is
sparse, stable over time, and predictive of industry growth. O’Clery and Kinsella [90]
also find a predictor of industry growth using a clustering of such an industry
network. They find that clustered industries require similar skills, and increased
worker availability within an industry cluster is a predictor of employment growth.

A network of labour mobility between firms can also be constructed. Nimezik [91]
constructs such a network for Austria and partitions the firms into ‘markets’ using
a stochastic block model. While these markets are geographically clustered, they do
not necessarily align with administrative regions, such as counties or states. This new
clustering can give insights into the reaction of workers facing demand shocks, that
were previously not captured when looking by prescribed geographic areas.

Lastly, occupation level mobility networks are widely used and researched to
understand the structure of the labour market. For example, Cheng and Park [92]
construct a US mobility network for worker transitions between occupations and
analyse the structure, finding that communities of occupations have become more
separated over time. Toubgl and Larsen [93] construct a mobility network for the
Danish labour market and use a clustering algorithm to examine the class structure
of occupations. Also, del Rio-Chanona et al. [11] use a US occupation transition
network to capture the labour market structure in their agent-based model.

The labour market network literature is extensive, with many different
mechanisms to consider, such as social networks and relationships between industries.
As well as network analysis, many papers have used their network as the structural
basis of different economic models of the labour market. A subset of these models

are agent-based models, which we focus on in this thesis.

2.6 Agent-based models

Arthur [10] argues that we cannot fully understand the economy if we assume
equilibrium, therefore, modelling the labour market without equilibrium is a necessary
focus for research. Arthur argues that Complexity Economics is the way forward

to understanding how agents behave in many subfields of macroeconomics without
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assuming equilibrium, including the labour market. Arthur explains that removing
the assumption of equilibrium in economic modelling enables models to capture
emergent behaviour and that using agent-based models, with heterogeneous agents
that interact and make decisions yields a more fluid, unrestricted model of the fluid,
unrestricted economy they are trying to emulate. This motivates us to concentrate
on agent-based labour market models in this thesis.

In the early days of the COVID-19 pandemic, Pichler et al. [94] developed
an agent-based model and used it to accurately predict the GDP impact of UK
lockdowns. They use a combination of micro-data, an agent-based model with
agents of firms and workers, and a disequilibrium input-output approach. This
model provides good evidence for using agent-based models to understand the
economy. A key feature of agent-based models is emergent behaviour. Agents are
given specific characteristics and behaviours, and, through interactions, emergent
phenomena appear. In the Pichler et al. model, one emergent behaviour was the
aggregate impact on GDP. Other successful agent-based models range from the simple,
such as modelling bird flight [95], to the complex economic models discussed in this
section.

Looking specifically at labour market agent-based models, Axtell [96] presents an
agent-based model of the labour market that required years of work constrained by
computer power, during which Axtell was unable to run his model with the desired
120 million workers. Axtell uses his agent-based model to understand the creation,
growth, and survival of firms. The model is shown to reproduce key stylised facts
such the firm size distribution and firm survival probability. After discussing the
emergent firm level behaviour of the model, and what the results tell us about how
firms work in the economy, Axtell concludes that economics should follow the other
social sciences in leveraging big data and computer simulation with such complex
agent-based models.

In Axtell’s model, although workers have different effort levels, and desire for
income and leisure, there are no occupations, or regions. Moro et al. [97] develop
another agent-based labour market model with occupations, and consider the impact
of demand shocks on the labour market. Using a network where edges are based on
the similarity of skills, their work shows that the connectivity of occupations within
a city can influence unemployment. That is, during a demand shock, workers in a
city with more connections to their occupation are able to find employment more
easily than a less connected city. While this model provides a new, occupation level

analysis, Mealy et al. [88] found that a task-based network describes worker’s job
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mobility behaviour better than a skill-based network. Therefore, instead of using a
network of skill similarities between occupations, we focus on mobility networks.

Building on such mobility networks, Fair and Guerrero [35] develop an agent-based
model of the labour market which, for the first time, is able to endogenously reproduce
the network of transitions between occupations, industries and regions in the UK.
Additionally, Fair and Guerrero include data at the agent-level on wages, non-labour
income, and consumption preferences for the first time. They also show that their
calibrated model can then be used to study future demand shocks without the
dependence on historic job transitions. This advanced agent-based model marked
a key step forward in labour market modelling.

The agent-based model developed by del Rio-Chanona et al., and extended in this
thesis, while more primitive than the agent-based models discussed in this section,
has the special advantage of a deterministic approximation that can be used quickly
for parameter exploration.

All countries need to undertake some degree of structural change in order to
transition to a low carbon economy. Although much of the research above finds that
the post-carbon transition is expected to generate a net increase in jobs, there is little
investigation into how friction within the labour market will affect this transition,
and whether any specific detailed occupations might experience a negative effect.
In this thesis, we extend the del Rio-Chanona model [11] to address some of these
shortcomings, presenting a case study for Brazil that investigates the possible skill

and spatial mismatches associated with two growth pathways.

2.7 Definitions

Definition 1. Beveridge curve

The Beveridge curve is the name given to the relationship between the unemployment
and vacancy rates [98]. The curve typically moves anti-clockwise; during an economic
upturn, there is an efficient labour market with job vacancies being filled more quickly,
however, during a recovery period a shift away from the origin normally occurs, caused

by a mismatch between unemployed workers and open vacancies.

Definition 2. Labour market frictions
In this thesis, labour market frictions refer to the limits that the labour market
structure (captured in our model by the occupational mobility network) impose on a

worker’s mobility between occupations, or regions.
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Definition 3. Skill mismatch
In this thesis, skill mismatch refers to a difference between the skills required by the

open vacancies and the skills of worker’s looking for a new job, as the ILO define [99].

Definition 4. Steady state
An economy is at a steady state when all economic variables are not changing over

time.

Definition 5. Equilibrium
A system is in economic equilibrium if supply equals demand. The system does not
have to be in a steady state to be at equilibrium, as various economic variables could

be changing with supply still equal to demand.

Definition 6. Labour reallocation
Labour reallocation for a scenario (or occupation, region, or otherwise), is defined in

this thesis as the number of jobs created in said scenario for a given time period.
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Chapter 3

Labour market model with
geography

This chapter addresses the questions:
e How do workers transition between regions and occupations in Brazil?
e What modelling approaches can we use to capture these transitions?

The first section is continued literature review describing the novel, data-driven
network model of the labour market developed by del Rio-Chanona et al.,
following [11]. We discuss the full stochastic agent-based model and the random
processes involved, before presenting the novel calculation by del Rio-Chanona et al.
of the expectation of all these processes, to reach a deterministic approximation to
the full model.

One of the limitations of the model is that it only separates workers by occupation.
Assuming that workers can take up any job that becomes available, with no relocation
considerations restricts the analysis to a single city. This limits the applicability of the
model and so, for the first time, we extend the model framework to include regional
mobility. The extension to geography gives the model greater explanatory power and
gives us the unique ability to compare regional frictions with occupational frictions.
In later sections of this chapter, we introduce regional mobility into the model using a
mobility network and, discuss and analyse the empirical network for Brazil. Finally,
we discuss a toy model to show the effect that regional mobility can have on the model

outputs, by studying the unemployment impact of different future demand profiles.
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3.1 Del Rio-Chanona model

In this section, we introduce the del Rio-Chanona et al. [11] labour market model and
its deterministic approximation. We discuss the full stochastic agent-based model and
the random processes involved, before presenting the deterministic approximation to

the full model, reached by taking the expectation of all the random processes.

3.1.1 Model definition

To model the flow of workers around the labour market network, del Rio-Chanona et
al. [11] use three discrete-time stochastic equations for each occupation. These model
the number of employed and unemployed workers, as well as the number of vacancies.
Workers can then be hired or separated (fired) at each time step, and vacancies can
be opened and filled.

At time ¢, let E;; be the number of workers employed in occupation i, U;; be the
number of workers unemployed in occupation ¢, and let V; ; be the number of vacancies
open in occupation i. An unemployed worker is considered to be in the occupation
in which they were most recently employed. We describe the labour flow by Fj;:1
which is the number of workers hired in occupation j who were previously employed
in occupation 7. Let B;; be the number of workers separated from occupation ¢ at
time ¢, and let C;; be the number of vacancies that are opened in occupation ¢. Then

the equations governing the flow of workers around the network are

Eivp1= LB — Bi + E Fji 141, (3.1)
—— 7
separated workers
hired workers
Uitt1 = Ui + Bi 141 — E Fijis, (3.2)
—— r
separated workers N
transitioning workers
Vigs1 = Vie + Cii+1 - g Fji1h. (3.3)
N—— ;
opened vacancies

hired workers

These three equations describe the conservation laws governing the flow of workers
in occupation 4. In (3.1), the change in employment is equal to the number of workers
hired into occupation i minus the number of workers separated from . In (3.2), the
change in unemployment is equal to the number of workers separated in occupation ¢
minus the number of workers hired from occupation i. In (3.3), the change in the

number of vacancies is equal to the number of vacancies opened minus the number of

20



positions filled in occupation 7. The time step is chosen so that only one event happens
in each time step. A worker cannot transition from employment to unemployment
and then back to employment within one time step.

We model the number of workers separated and the number of vacancies opened
at time ¢ + 1 using a binomial distribution. The number of workers separated from

occupation 7, B; 411, is drawn from the binomial distribution

Bi 11| (EityDuit) ~ Bin(Eit, puit), (3.4)

where Bin(m, p) is the binomial distribution with m trials and success probability p,
and the number of vacancies opened in 7, C;;4q, is drawn from the binomial

distribution

Oi7t+1|(Ei,tapu7i,t> ~ Bin(Ei,tapv,i,t)~ (3-5)

The conditional probabilities p,,;; and p, ;. are calculated by two separate processes.
There is a spontaneous process in which workers are separated and vacancies are
opened at random, and a state-dependent process which is reacting to supply and
demand within the labour market. We calculate these probabilities in the next section.

Finally, the flow of workers Fj;;y1 depends on the structure of the network,
the number of workers unemployed, the number of vacancies open, and the job
searching and job matching processes. We liken this to an urn problem. Suppose each
unemployed worker has a ball with their name on and each vacancy is represented
by a bin.! A worker in occupation i chooses a bin representing a vacancy open in
occupation j with conditional probability g;;:+1, and places their ball inside. After
all unemployed workers have placed their balls, a ball is selected uniformly at random
from each bin and the corresponding worker is hired. If no balls have been placed in
a bin, no applications have been made so the vacancy represented by that bin is kept
open for another time step.

This results in Fj;;,1 being a stochastic variable that follows a multinomial
distribution where the number of trials is the number of workers in occupation 7 that
choose to apply to occupation j, A;;;+1, and with success probabilities, P41, which
we make explicit in Section 3.1.2, that are derived from the urn model. For fixed ¢,

the number of workers that choose to apply to j, A;j;41, also follows a multinomial

'For simplicity, for now, we assume each worker only sends out one job application per time step,
and we relax this assumption in Section 5.3.
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distribution, with U;; trials and success probability ¢;;;+1 for j € I, where

‘/ztAz
i1 |V = ==t 3.6
Gijr1| Vi S Ve Ay (3.6)
1

Supply and demand for workers

Vacancy openings and worker separations are each broken into two separate random
processes, one spontaneous process and one state-dependent process.

In the spontaneous process, separations and openings occur at random. We
assume that the rates are constant over all occupations. Let the probability that any
worker is randomly separated be d,. Let the probability that a vacancy randomly
opens be 9,.

The state-dependent process reacts to supply and demand in the labour market.
Let 7, be the conditional probability that a worker from occupation i is separated
at time ¢ by the state-dependent process and let r,;; be the conditional probability
that a vacancy is opened in occupation ¢ at time ¢ by the state-dependent process.
Let D;t be the target labour demand for occupation i at time t.? We denote the
model’s realised demand as D;; = F;; + V; ;.

We must have that r,;; and r,; satisfy the following conditions:

1. If target demand and realised demand are equal, no adjustment is made. In
other words, if D;; — D:-r’t =0 then ry ;¢ = 1y = 0.

2. 7y, is an increasing function of D;; — D;t. (When realised demand is greater
than target demand, workers are more likely to be separated, thus decreasing
realised demand towards target demand). Similarly, r,;; is an increasing
function of Dg’t — D;;. (When target demand is greater than realised demand,

more vacancies will appear to bring realised demand up to target demand).
3. 7Tyt and r,,; ¢ are probabilities and must lie in the interval [0, 1].

In order for the conditional probabilities r,,,; and 7,,;; to satisfy the above

conditions and adjust at a linear rate with respect to the difference between the

2Target labour demand is a parameter of the model. In the toy model at the end of this chapter,
we impose a sigmoid shaped demand change on the occupations, and in Chapter 4, we use an external
macro model for target demand.
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target demand and realised demand, following del Rio-Chanona et al., we propose

the following functional forms for r,;; and 7,4,

~ Yumax {0, D;; — D;r’t}

wit|(Eiv, Vi) = , 3.7
Tuit|(Eigs Vi) ., (3.7)
+» max {0, D;r — D4}
m,z‘,t|(Ez',t, V;,t) - B X ) (3-8)
it

where 7, and ~, are parameters determining the speed of adjustment towards the
target demand, with 7, and 7, € [0,1]. 7, = 7, = 1 corresponds to the maximum
adjustment speed and v, = 7, = 0 corresponds to no adjustment at all. As they
are probabilities, we require 0 < r,;; < 1 and 0 < r,,;; < 1. These conditions are
normally satisfied but in some extreme cases, r exceeds the upper bound. In these
cases, we set r = 1. We also let v, = v, = 7.

The probabilities governing the spontaneous process (d, and d,) and the state
dependent process (r,;; and r,,;) are independent. The probability that a worker
in occupation 7 is not separated at time ¢ by the spontaneous process is 1 — 9, and
the probability that a worker in ¢ is not separated at time ¢ is 1 — r,,,. So, the
probability that a worker in ¢ is not separated by either process is (1 — d,)(1 — ruyz),
since they are not spontaneously separated and they are not separated by labour
demands. Therefore, the conditional probability that a worker in occupation i is

separated at time ¢ is
pu,i,t|(Ei,t7 V;,t) =1- (1 - 5u)(]— - ru,i,t) - 5u + Tuit — 5uru,i,t‘ (39)

The last term avoids counting a worker as separated twice from the two processes.
Similarly, the conditional probability that a vacancy opens in occupation ¢ at time ¢

is

Dot (Eig, Vie) = 0y 4+ Toin — OuTu iz (3.10)

We do not have any empirical data with which to calibrate the parameter ~, therefore,
let v = 106,,. Results of the model appear to be fairly insensitive to the value of v (as
demonstrated with simulations by del Rio-Chanona et al. [11]). However, d,,, 0, and At
can be calibrated using the Beveridge curve (Definition 1). See del Rio-Chanona et
al. [11] for details.

Throughout this thesis, we will use the unemployment rate to analyse different
toy model scenarios, two growth pathways for Brazil, and an automation shock in the

US. The unemployment rate of occupation ¢ represents the proportion of workers
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in occupation ¢ that have lost their job, and have subsequently not found new
employment. The average unemployment rate over a period, T', for occupation 7

is defined as

_ ZteT Ui,t
Yover Uie + Eiyt)

ui,average (T) (311)

3.1.2 Deterministic approximation for large populations

Running the agent-based model governed by (3.1)—(3.3) is computationally expensive
and not practical for extended analysis. However, when the overall population, L,
is large, we can use the law of large numbers and multivariate Taylor expansions
to calculate a deterministic approximation of the system using expected values.
Expected values, conditional on the previous state of the system are denoted with

lowercase letter and a bar. For example,
U1 = E[U; 141 |Ey = €, Uy = u,, Vy = v (3.12)

where u; = {U; }ier, and similarly for e; and v,.

In this section, following del Rio-Chanona et al. [11], we present their
approximations for separated workers and opened vacancies before moving onto
the calculation for the flow of workers. In Section 3.2.1 we illustrate the results
from the full agent-based model and the approximation for a toy model, where
the approximation runs over 20 times faster than the full agent-based model.
In Chapter 5, we introduce three model extensions, calculate their deterministic
approximation, and give more mathematical justification for the approximation, as

well as further discussion of the approximation error and computational gains.

Separated workers and opened vacancies

Workers are separated and vacancies are opened according to the binomial
distribution. The expected value of the binomial distribution is the number of
trials times the success probability. Therefore, given (3.4), (3.7), and (3.9) for B;;
and (3.5), (3.8), and (3.10) for C;;, the expected values for separated workers and

opened vacancies at time ¢ + 1, conditional on employment at time ¢, are

Z)i,t—i—l = éi,tpu,i,t = 5uéi,t + (1 — (Su)’}/ max {O, CZM — D’ert}’ (313)
é’i,tJrl = éi,tpv,i,t = 5véz’,t + (1 — (Sv)")/ max {O, ,D;t — (L}t}. (314)
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Flow of workers

The flow of workers Fj;:y1 is the number of workers in occupation ¢ who apply to
occupation j and are successful. This follows a multinomial distribution where the
number of trials is the number of applicants from occupation 7 to j, A;;:+1. Recall, the
random variable for the number of workers applying from occupation ¢ to occupation 7,

Aiji41, 1s also a multinomial with expectation given by
E[Aij t41]0s] = Gijeratig. (3.15)

While workers only sent one applications per time step, the number of applicants is
the same as the number of applications, but for consistency of notation, we introduce
the random variable S;; .41 here, for the number of applications sent from workers in

occupation ¢ to 7 and for now,
Sijit1 = Aijam (3.16)
for all 45 € I, and the expectation is given by
Sijit+1 = Qijt+1Ui¢- (3.17)

The probabilities for the multinomial distribution for the flow of workers Fj;; 4
is the probability of any application to occupation j being successful, P;j;;1. It does
not depend on occupation i because a successful application is chosen independently

of its origin. Let S;j;y1 be the total number of applications occupation j receives, so
Sjas1 =Y Skjst1. (3.18)
k

Then let M;,.1 be the number of vacancies filled in occupation j. The probability
of having a successful application, P;;1, is the fraction of the number of vacancies
filled out of the total number of applications received, given by
Mj i1

Jit+1

(3.19)

Therefore, the multinomial F; .4, for the flow of workers from occupation ¢ has S;; 41

trials and success probability P;,.; for j € I and the expected value is

ﬁ‘j,tﬂ = E[Sij,t+1pj,t+1 ‘ut: Vi, et]. (3-20)
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Matches The random variable M;,.; represents the number of vacancies filled in
occupation j. Since any vacancy that receives at least one application is filled at the
next time step (any non-empty vacancy accepts a candidate uniformly at random,
and every chosen candidate accepts the job offer), M,y can also be thought of as
the number of job openings that receive at least one application.

The probability that a worker applying to occupation j applies to a specific
vacancy is 1/v;4. So, the probability that a worker does not apply to said vacancy
is 1 — 1/9;,. Therefore, the probability that none of the §;,., workers applying to
occupation j apply to said vacancy is (1 — 1/9;,)% . This means the probability
that of at least one worker applying to specific vacancy is 1 — (1 — 1/v;¢)%*+. The
expected number of vacancies filled in occupation j is the probability that of a specific

vacancy being filled, times the number of vacancies in occupation j, therefore
1 Sjt+1
Mj+1 = Vjt {1 - (1 - —) ] : (3.21)
Vit

Using the approximation (1 — a)® ~ e~ for large a and b, yields
_Sit41
m]’,t_i_l = @j7t <1 —e Uit ) . (322)

In this thesis, we identify that the random variable M;;,, for the number of filled
vacancies in occupation j follows the Occupancy distribution, with details given in
Section 5.2.1.

Flow of workers We can see from (3.19) and (3.20) that Fj;;+1 depends

on Sijty1, Mjii1, and Sj+yq1. These variables are not independent however, in the

limit for large £, we show below that

Tj.s (1 — efgj,m/@j,t)

(3.23)

fijtr1 = Sijit1 —
Sjt+1

Define
Sivit1 = Z Skjt+1 (3.24)
k£i

as the number of applications received by occupation j from unemployed workers in
all occupations k except occupation i. Then the total number of applications sent to

J is given by
Sji+1 = Sijat1 T Sjvier1- (3.25)
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We define the following multivariate form for the flow of workers,

@jt(l _ 6*(Sz‘j,t+1+5j\i,t+1)/17j,t)

(3.26)

Fijir = 9(Sijer Sj\i,t—i—l) = Siji+1 g 5
i+l T 04\ e+

This enables us to perform a multivariate Taylor expansion of g around the expected
values of Sjj,11 and Sj;+1. Recall that, for fixed 4, Sj;,11 follows a multinomial

distribution with U, ; trials and success probability g;;:+1, for j € I, with

VieAis

S VoAn (3.27)
I

Qijt+1 ’Vt =

S0 Sijt+1 and Sj4q are drawn from the same multinomial distribution and are
therefore not independent but S;; ;41 and Sy 41 are drawn from different distributions
and are therefore independent. One can think of this as the number of applications
from occupation ¢ to occupation j, S;j.41, affects Sy 41 because workers in i can
only apply to one destination occupation per time step. If a worker, in i, applies
to occupation j, they cannot then also apply to occupation [. In the extreme,
if all workers from occupation ¢ apply to occupation j then none can apply to
occupation [. On the other hand, workers in different occupations apply for jobs
completely independently of each other. A worker in occupation ¢ applying to
occupation j does not affect a worker in occupation k also applying to occupation j.

It follows that Sj; ;1 and Sj ;.41 are independent. We now expand g around the

expected values of S;;;11 and Sj\; 41 using the Taylor series. Therefore

G(Sijt+1, Sivi+1)
= 9(5ijt+1, Sj\it+1)

1 92 _ _
+ §m (9(5ij,t+1a Sj\i,t+1))var[5ij,t+1] (3.28)

1 0?
s (g(Biisi1, Var[Si;
+ 9 (asj\i,tJrl)Q (g(S Git+1s S\ 7t+1)) ar[ 3\ ,t+1] +

We introduce the following notation for the next expression only. Let v = 0,4, © =
Sijit1s Y = Sjuerr and h(x,y) = g(Sije41, Sj\ie41). Let the expectation of x be

denoted by ji, and the variance denoted by o2, similar for y. Calculating the partial
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differentials of g in (3.26), we find that

Vb v ~(patpy) [0
_ (1 —e Ha+Hy )
((ux +py)® (e + uy)2)

n ( 1 o Ha . 1 Mz ) e-(lhﬁ*ﬂy)/“
(e + 1y) (e +1y)? 20(pe + fiy)

h(l‘7y) - h(:uxa :uy) + O-:%

(3.29)
Vb —(patpy) /v
bo2| e (] mluetm)y

U (e + gy )?
Ha L ) ~(parbrig) -1
- - - e WeThIIVE 4 o(L77).

((,U:c +hy)? 20(pe + phy)

Since fig, fy, 02, 0, and v scale linearly with £, in the limit of a large number

of agents, the second-order derivative terms are of the order of a constant c¢. The
remaining terms are at most order £7'. The first term, h(ju,, p1,), scales with L.

Therefore, in the limit when L is large,

@jyt (1 _ 6—§j,t+1/'5j,z)

Jijae1 = Sijasa - (3.30)
Sjt+1
That is, using (3.17) and (3.27),
_ U Ay U (1 — e_gj,t+1/77j,t)
ij = U - — , 3.31
Jisen 3 TAa Sjt+1 (3:31)
]
where
_ _ _ v t»Akj
1 = 1 = = 3.32
Sjt+1 zk: Skjt+1 zk: Uk,tzﬁu A ( )
]

Hence, if we bring together (3.1)—(3.3), (3.13), and (3.14), we have the

approximation

Ciir1 = Eig — (0uiy + (1= 0,)ymax {0,d;s — DLY) + D fjiuer, (3.33)
J

ai,t+1 = ’ﬂ@t + (5ué7j,t + (]. — 5u)’7 max {O, Ji,t — Dj,t}) — Z f;]’7t+1, (334)
J

Bige1 = Uiy + (6,800 + (1 = 6,)ymax {0, D}, = diy}) = > frienr, (3.35)
J

with f;;++1 defined in (3.31) and (3.32).
This completes the del Rio-Chanona model framework. A wealth of model

variations and robustness checks can be found in the del Rio-Chanona et al. paper [11].
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3.1.3 Limitations

As with any model, there are certain limitations of the del Rio-Chanona model that
we discuss next. Some of these limitations are remedied in this thesis, and others are
beyond the scope of the model, and this thesis.

One key difference between this model and the other labour market models
discussed in Section 2.6 is the homogeneous agents. Currently, the agents do not
have different skill levels, nor do they have different effort levels and preferences
for leisure such as Axtell [96]. Further agent heterogeneity could be added through
demographics such as age and gender although each of these factors would require
additional data to be implemented into the del Rio-Chanona model.

Another limitation of the model is the fairly simple model dynamics. This
simplicity has the benefit of enabling the deterministic approximation, which speeds
up model analysis, but limits the different labour market mechanisms that are
modelled. For instance, by not including geographical mobility, the current model
is limited to analysis of a single city, and there is no entry and exit of workers, which
complemented by including age heterogeneity, would enable analysis of labour market
issues such as early retirement, or an ageing population.

The model relies on an exogenous network structure to calculate the probabilities
that a worker applies to each occupation. This reliance means that workers cannot
make new transitions in reaction to the labour demand shocks that are analysed with
this model at present. As discussed above, Fair and Guerrero [35] have been able to
endogenously construct the mobility network for the UK, providing very promising
results for this avenue of research for labour market predictions in the future.

The use of such static networks also limits the timescales that the model can be
used for. Over time, mobility patterns change and therefore it should be expected
that the underlying network changes. Since this model uses a static mobility network,
one cannot use it for long-term analysis. In fact, the US Standard Occupational
Classification (SOC) System was revised in 1990, 2010, and 2018, suggesting that
occupations, and consequently the occupational mobility network, are relevant for
around 10 years. This is the timeline for our analysis in Chapter 4, and in Chapter 7,
we discuss moving away from this reliance on the static mobility network.

We do tackle some of these limitations in this thesis by adding geography, and
model mechanics such as on-the-job search, multiple apps, and wage-driven dynamics.
However, there is a great deal of scope for further development, which we discuss in
Chapter 7.
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3.2 Regional occupational mobility

As it has been repeatedly shown that the regional mobility affects labour market
outcomes [55, 56, 57|, the first extension to the del Rio-Chanona model in this thesis
is to include geographical mobility. Before we extend the del Rio-Chanona model to
have workers moving between both occupations and regions, we consider the methods
that previous studies have used to model movement between regions.

When looking at migration between countries, gravity models have been widely
used. These relatively simple models model country-to-country migration using their
relative size and the distance between them [100]. There has been some strong
criticism of these models [101], especially when used to influence policy without
careful consideration of their limitations. However, Reina et al. [102] show that
with the right treatment of data and the inclusion of socioeconomic and demographic
factors, gravity models can still be useful for studying migration flows. These gravity
models are often used by those modelling human migration to understand infectious
disease spread [103]. In this context, radiation models are also used [104]. Like
gravity models, radiation models take into account the relative populations of two
places; however, they also take into account the opportunities that exist in the
regions between the origin and the destination, rather than just the distance between
them. They have the benefits of being parameter-free and having the flexibility to be
generalised [105, 106].

These methods use characteristics of the regions to define the likelihood of
migration between them. Others categorise these relationships using different data
sources. In their extension of the Blanchard-Katz model, Vega and Elhorst [67]
consider a variety of ways to define the spatial weights of the model, based on
relationships between regions. They consider using spatial weights based on travel
time, population size, and bordering regions, and find that, for their model, using a
mixture of binary spatial weights for bordering regions and second-order neighbours
is best.

These spatial weights can also be calculated from mobility data. As we discussed
in Section 2.5, mobility networks can be constructed between regions, as well as other
categories. Fair and Guerrero [35] build their agent-based model with three worker
mobility networks (industries, occupations, and regions). In this case, workers move
between occupations in the same way, regardless of their industry or region. Tong
et al. [107] develop a two-layer firm level mobility network for high and low skilled

workers which enables them to capture the different mobility of the two skill groups.
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They find the mobility patterns of the two groups to be quite different, with many of
the edges not coinciding. Such multilayer networks are a powerful extension to the
classical network literature [108].

In their paper, del Rio-Chanona et al. [11] use a single-layer occupational mobility
network, as discussed in Section 2.5, to describe the relationship between occupation
pairs. Building on the work by Mealy, del Rio-Chanona, and Farmer [88], del
Rio-Chanona et al. work with the occupational mobility network for the US. The
network they use is calculated using data on historic transitions recorded in a US
household survey. The transitions of workers transitioning between jobs are counted
and a weighted, directed network is built with occupations as nodes.

As described above, a multilayer network could give the flexibility for different
regions to have different occupation level mobility. In this thesis, we build on the
multilayer mobility network structure first introduced by Tong et al. [107], and add
geographical mobility by extending the occupational mobility network, where nodes
represented occupations, to include regional mobility. In the multilayer network
framework, each layer represents a region, and the network within each layer is the
occupational mobility network specific to that region. Due to the many inter-layer
edges that could be present between every region and every occupation, we describe
this extended network as a single graph with two labels at each node for ease, so
nodes now represent occupation-region pairs.

We construct the regional occupational mobility network using data from the
Relagao Anual de Informagoes Sociais® (RAIS). The RAIS data contains all active
employer-employee contracts in each year in the formal labour force in Brazil, which
accounts for about 67% [109] of the total labour force in Brazil.

The data are collected by the Brazilian Ministry of Labor and Employment yearly
via employers, recorded at each location (rather than each firm). The data contains
information at the firm- and worker-level, including firm location, industry, and
region, and worker age, gender, race, contract dates, and wage. Many studies have
analysed the RAIS data and the coverage of specific demographics. Specifically, there
is the Pesquisa Nacional por Amostra de Domicilios (PNAD) that can be used to
understand the sample bias in the RAIS data. De Negri et al. [110] find that the
RAIS data accurately reflects nationwide demographics such as gender and age, with
some non-negligible differences for level of education and income which they attribute

to the different philosophies of the two datasets (a census of the formal labour force

3 Annual Social Information Survey
4Brazil National Household Sample Survey
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and a survey of the full labour force). Cornwell, Rivera, and Scmutte [111] use the
PNAD data to understand the relationship between the reported race of workers and
their income. PNAD is self-reported data, while RAIS is collected from employers.
Cornwell, Rivera, and Scmutte find that in RAIS, the reported race of workers is
subjective and contributes as much as 40% of the racial wage gap as some workers
who change job, have their race reported differently by their new employer.

We will use the RAIS data for our analysis. In Section 6.1.1, we discuss network
estimation when using survey data however the full coverage of RAIS data of the
formal labour force means that, with some measurement error as discussed above,
the occupational mobility network we construct does capture every edge present in
the true mobility network for the formal labour force in Brazil. We leave construction
of the mobility network for the whole of Brazil using PNAD for further work.

We use data from 2011 to 2019 with 409 occupations and 16 regions.® These 409
occupations are a hybrid of the CBO2002 classification. We start with the 4-digit
level of the CBO2002 classification, which has 570 occupations. In order to have a
every node connected in one single network and a consistent list of occupations across
all regions, we merge some of these occupations into hybrid 2- and 3-digit codes. This
merging results in 409 unique occupations.

A link between two occupation-region pairs is the count of workers moving between

them, observed in the data. The adjacency matrix of the network is then
ﬁa,jﬂ? (336>

the number of workers that transitioned from occupation 7 in region o to occupation
J in region /3 between 2011 and 2019.

The resulting network shows that both occupational and regional mobility strongly
influence labour flows. As shown in Figure 3.1a, occupation-region pairs in the same
region are positioned in close proximity to one another, signalling stronger links. We
use the Force Atlas 2 [112] algorithm to position the nodes in these visualisations.
Nodes repel each other like charged particles while an edge acts as an attraction force.
The algorithm only uses the network structure with no additional information about
the nodes but, despite this, the position of the regions in Figure 3.1a corresponds
to their true geographical location in Brazil as shown in Figure 3.1b. This suggests

that inter-regional transitions are somehow influenced by the geography of Brazil. To

5To avoid confusion with the five macroregions of Brazil, we use region here to refer to the 16
regions, defined by Ferreira Filho and Hanusch [20]. The regions are either states, for example Bahia,
or groups of states, for example RSudeste, which is made up of Minas Gerais, Espirito Santo, and
Rio de Janeiro.
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understand this further, below we compare the regional mobility network with the
gravity model which uses the distance between regions to determine the inter-regional
weights.

For some regions, the regional separation in the full regional occupational mobility
network in Figure 3.1a is striking; Acre, Rondonia, RSudeste, and Sao Paulo are
particularly separated. This suggests workers in these regions make more transitions
within their region, than to other regions. However, this is not the case for all of
the regions. Parand and RSul appear mixed together, as do Roraima, Amazonas,
Amapa, Pard, and Matopiba. This suggests that workers transition between these
regions more frequently, and when we look at occupational links, we see that it is the
occupations within these regions that are displayed close together.

In Figure 3.2a, we consider only occupation links. In this network, we find that
nodes of the same broad category appear close together.® This suggests that it can
be hard to transition to an occupation in a different category. In Figure 3.2b, using
the same colouring as the national mobility network in Figure 3.2a, we can see that a
similar occupation level structure is seen within each region’s occupational mobility
network. Notably, the higher wage occupations such as managers and professionals
appear more towards the outside of the network, especially in the coastal regions,
while lower skill occupations such as agricultural and industrial jobs are more towards
the centre. This reflects that workers in those occupations transition more between
regions than workers in the higher wage occupations. It appears that, in the mixed
regions of Roraima, Amazonas, Amapd, Pard, and Matopiba we mentioned above,
similar occupations are close together. These five regions mixing, in this projection
of the network, suggests that workers transition more between these regions, while
staying in the same occupational group (compared to other regions without as much
inter-regional mobility). To understand the network structure further, we can measure
the assortativity of the regional network across occupations and regions.

Assortativity of a network, with attribute =z, was originally defined by
Newman [113] and later extended to weighted networks by Yuan, Yan, and
Zhang [114]. Assortativity measures the tendency of nodes to be connected with

other nodes similar in attribute z. We use weighted categorical assortativity, which

6These nine labelled broad occupation categories are the CBO2002 1-digit level classification,
such as ‘Professionals of sciences and arts’, henceforth called occupational groups.
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Figure 3.1: Regional occupational mobility network for Brazil. In (a) the
full regional occupational mobility network, and in (b) a map of Brazil with states
coloured similarly to (a).
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Figure 3.2: National occupational mobility network for Brazil. In (a) the
national occupational mobility network, without disaggregation by state, and in (b)
the full regional occupational mobility network, coloured by occupational group.
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is defined by Biicker et al. [9] as
> (ei — aib;)

U 3.37

r =

where e;; is the fraction of all edge weights that join nodes with value i to j, and q;
and b; are the fraction of edges that start at 7 and end at j respectively.

In the occupational and regional network, we find that regional assortativity is
0.77, and the assortativity with occupational groups is 0.56. These results confirm
that both regions and occupations influence labour mobility. The larger value for
regional assortativity indicates that transitions happen mostly within, rather than
between, regions.

Another network science tool we can make use of is community detection. Similar
to the analysis of Nimczik [91], we can use a community detection algorithm to
compare the network clusters with the administrative regions of Brazil. We use the
Louvain community detection algorithm [115]. We choose the resolution parameter
that maximises the Jaccard index between the community detection partition and
the region partition.

As we saw in the visualisation in Figure 3.1, the regions of Brazil are strongly
represented in the structure of the regional occupational mobility network. In
Table 3.1, we see that the majority of occupations in each of regions are identified in
their own cluster, apart from Matopiba and Para, and RSudeste and Sao Paulo are
joined in pairs within clusters 5 and 10, and Roraima is split into two clusters, 13 and
14. Interestingly, while Matopiba and Para are mixed in the network visualisation,
RSudeste and Sao Paulo are seemingly separate labour markets, aside from a few
occupations that seem embedded in the opposite region. The occupation-region pairs
in clusters smaller than 100 are counted in the ‘Other’ category, with most of these
being in a community of size 1.7

As we discussed in above, a widely used model for migration is the gravity model.
We can aggregate the regional occupational mobility network by region and compare
the regional relationships from the empirical mobility network with a gravity model.

The gravity model proposes, for origin region o and destination region 3 that

PaP5
F,.3=k
7 (Daﬁ)b

"There are 1,251 communities of size 1, 45 communities of size 2, and there are 21 other
communities of size 3-16 containing 125 occupation-region pairs.

(3.38)
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1 318
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3 273
4 1 298 1
5 7 326 304 1
6 321
7 349 1
8 331 1
9 250 1
10 1 6 1 7 7 1 5 1 3 1 255 1 2 269
11 1 282
12 1 375
13 129
14 180
Other 45 56 53 129 103 82 83 60 103 75 157 154 125 32 74 139

Table 3.1: Community detection. Allocation of regions within the clusters with
size over 100, and the remaining counts in ‘Other’.

where P, is the population of region o, D,p is the distance between regions o and f3,
and k£ and b are model parameters.®

In Figure 3.3 we show the adjacency matrix of the regional mobility network for
Brazil and the matrix F, 3. We can see that the two matrices are similar, particularly
the low mobility in Roraima, as well as Acre and Amapa. The gravity model does
not give any values for the self-loops of the network, that is, how likely people are to
stay within their current region. Del Rio-Chanona et al. [11] also had this issue with
the US network as the census did not track people when they moved address. They
used a single parameter to calibrate the weight of this self-loop. However, we can
obtain this for each region from the RAIS dataset which gives some heterogeneity in
the diagonal. When we look at the self-loops in the regional mobility network, we see
that RSul, Sao Paulo, RSudeste, RNordeste, and Acre have the highest proportion of
transitions within their region. This echoes what we saw in Figure 3.1a, where these
regions have a clear separation from other regions.

One could study the rich structure in the regional occupational mobility network
much further, comparing the mobility patterns of workers between regions with
measures such as the Weighted Jaccard index [116], however, we leave this for

future work and now focus on the distribution of demographics across the national

8We take k = 1 and b = 2 for this discussion.
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Figure 3.3: Regional mobility network and gravity model. In (a) the
adjacency matrix for the regional mobility network of Brazil, and in (b) the matrix
of relationships proposed by the gravity model.

occupation network, as shown in Figure 3.4. We see that there is a considerable
separation of occupations according to the proportion of female workers and the
average wage while there is more of an even distribution of occupations around the
network according to average age.

In Figure 3.4a, we show the average age of workers in each occupation. Almost
all occupational groups have occupations where the average worker age is both high
and low, apart from ‘Managers’, where the average age of workers in all but three of
38 occupations is above the overall average.

In Figure 3.4b, we can see that the occupations with lower wages are concentrated
in the upper and upper right section of the network. This contains occupations in the
Administrative, Services, Agriculture, and Industry (craft and machine) occupational
groups. Most occupations in the ‘Agriculture, forestry and fisheries’ occupational
group earn below the median wage, all except ‘forest mechanisation workers’ and
supervisors in ‘farming’, ‘forestry, and aquaculture’. Similarly in Administrative and
Services occupations, only supervisors and a select group of higher skilled occupations
earn a higher than median wage.

In Figure 3.4c, we can see that occupations can also be clearly split by the
proportion of female workers. In our data, the female workforce make up around
43.7% of the workers. These female workers are largely concentrated in the
‘Professionals of sciences and arts’, ‘Administrative’ and ‘Services’ occupational
groups while very few female workers are employed in occupations in ‘Repair

and maintenance’ or in ‘Extraction and construction’, ‘Metal and composite
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Figure 3.4: Demographics on the occupational mobility network. Each node
is coloured by (a) median wage, (b) proportion of workers who are female, and (c)
median age from 2018.

processing’, and ‘Electronics manufacturing and installing” within the ‘Industrial
(craft)’” occupational group.

The two divisions of occupations by wage and by gender split are not the
same. There are occupations with high wages with both high and low proportion
of female workers, and vice versa, although, as is widely reported [117, 118, 119]
in the literature, the highest 20 paid occupations, mostly managerial, judicial and
engineering roles, have more men than women.

That different demographics are represented in different sections of the network
highlights the importance of considering labour market structure, implemented in
our model by using a mobility network, when studying labour impacts. If a labour
demand shock is concentrated in one area of the network, the unemployment effects
and labour frictions could also be concentrated on one demographic group within the
labour force, resulting in increased inequality. Many macro-economic models trying
to understand different economic transitions assume perfect mobility, or do not even
consider different occupations, and so cannot capture this important structure.

To demonstrate the impact that including mobility frictions has on our model,
we present the results for both the regional occupational mobility network, and the
complete network. The adjacency matrix of the complete network, K,,, with n nodes,

is given by
Kn=—dJn, 3.39

where J,, is the matrix of ones.
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In the labour market model, we use the mobility network to represent the
probability that a worker in occupation-region i« transitions to any of the other
occupation-region pairs, therefore, the network used in the model is defined as
Tiojs

Ay 15 = =B
Y Tias
i

(3.40)
where T, s is the count of transitions made by workers between occupation-region
pair ia and pair 8. The probability a worker in occupation-region i« applies to an

vacancy open in pair j/ is given by (3.6), and is proportional to the i, j5th element

of this adjacency matrix, and the number of vacancies open in occupation-region jf5.

3.2.1 Toy model

To illustrate the impact of including regions in our labour market model, we look at a
two-occupation toy model with and without regions. As we discussed in Section 2.4,
the geographical inequality of demand shocks has the chance to exacerbate economic
transitions. In our toy model, total demand for the two occupations follows the same
trajectory and we compare how different regional splits of this demand change affect
unemployment rates. With this relatively simple model, we are able to show the
benefits of adding geography into our model, especially for a transition which has the

possibility of affecting regions differently.

Set up

We illustrate the need for extending the model to regions with a toy model. We run a
simple scenario for two occupations with and without regions. All the occupations are
identical to start with, in terms of employment, unemployment, and open vacancies.
The heterogeneity comes from the network and the demand shocks. In the universal
network, A, without regions, Occupation 1 is the preferred occupation, as shown
in Figure 3.5. In the regional network, A9, shown in Figure 3.6a, Region A is the
preferred region, as we can see when we aggregate the network to regional mobility
only, in Figure 3.6b. When we aggregate the regional network to occupational
mobility only, we recover the same adjacency matrix as in the occupation only case,
as shown in Figure 3.6c.

We discuss five scenarios, one without regions using the A network, and four
scenarios with regions, using the A, network. In all five scenarios, Occupation 1
has an increase in demand, and Occupation 2 has a decrease. The total demand

for each occupation is always the same however, in the four regional scenarios, a
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Occupation j

Occupation i

Figure 3.5: Toy model occupational mobility network. The occupational
mobility network for the toy model with two occupations.

Region B Occupation j

Occupation-region jB
1B 2A

Occupation-region ia
Region a
Occupation i

(a) Aga,jﬁ (b) A9 summed over (c).AYsummed over regions,
occupations, A7 s A;.{j

Figure 3.6: Toy model regional occupational mobility network. In (a) the
regional occupational mobility network for the toy model with two occupations and
two regions, in (b) the network summed over occupations (and row-normalised), and
in (¢) the network summed over regions (and row-normalised).
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Figure 3.7: Target demand profiles for toy model for the five scenarios.
In (a) Universal 1 without regions then, in (b) Regional 1A,2A with regional
heterogeneity, (c) Regional 1B,2B, and in (d) Split 1A,2B has both occupational
and regional heterogeneity, as does (e) Split 1B,2A.
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different mixture of occupations and regions are favoured. Given that demand always
increases in Occupation 1, and decreases in Occupation 2, we label the scenarios with
a code that indicates which region in each occupation has the greater final demand.
For example, in the Regional 1A ,2A scenario, Region A has more demand in both
occupations. In the Split 1A ;2B scenario, while the aggregate occupation demand is
kept the same, Occupation 1 has more demand in Region A but Occupation 2 has

more demand in Region B. The five scenarios are

e Universal 1; demand increases in Occupation 1 and decreases in Occupation 2
(Figure 3.7a),

e Regional 1A,2A; demand increases in Occupation 1, decreases in Occupation 2,

and Region A has more demand in both occupations (Figure 3.7b),

e Regional 1B,2B; demand increases in Occupation 1, decreases in Occupation 2,

and Region B has more demand in both occupations (Figure 3.7¢),

e Split 1A,2B; demand increases in Occupation 1, decreases in Occupation 2, and
Region A has more demand in Occupation 1, Region B has more demand in
Occupation 2 (Figure 3.7d), and

e Split 1B,2A; demand increases in Occupation 1, decreases in Occupation 2, and
Region B has more demand in Occupation 1, Region A has more demand in

Occupation 2 (Figure 3.7e).

Given the network and the scenarios, Regional 1A,2A is with the popularity of
the two regions, since Region A has greater in mobility in the network while Regional
1B,2B is against the popularity, where more demand is created in the less popular
region. In the split scenarios, the greater demand is split between the two regions.
In Split 1A 2B, occupation-region pair, 1A, has the greatest demand, this is also the
most desired occupation and region in the network, but in Occupation 2, Region
B has the more demand. In Split 1B,2A, the opposite pairing have more demand.
Occupation 1 has more demand in Region B while Occupation 2 has more demand
in Region A. In the results below, we will see how these relationships between the
scenarios and the network mobility preferences ease or hinder workers when reacting

to the demand changes.
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Results

To understand the impact of the demand shocks shown in Figure 3.7, we can look
at the change in unemployment in each occupation, or occupation-region, during
the shock. In Tables 3.2 and 3.3 we report the percentage change in the average
unemployment rate, given by (3.11), from the steady state before the shock to the
rate during the shock period.

In Table 3.2, we have the occupation level unemployment rate change. Despite
all five scenarios having the same aggregate demand change in the two occupations,
there are differences in the aggregate outcomes between them. Specifically, apart
from Split 1A,2B, each of the scenarios with regional variation has a more polarised
impact on the two occupations than in the Universal 1 scenario; Occupation 1 has a
greater decrease in the unemployment rate and Occupation 2 has a greater increase
in the unemployment rate. This is due to the increased friction introduced when we
consider regional, as well as occupational frictions.

However, this is not the case in Split 1A,2B. In this scenario, the unemployment
impacts are less polarised than the Universal 1 scenario, both with a smaller decrease
in Occupation 1 and a smaller increase in Occupation 2. This is because the
network makes it easier for unemployed workers in any occupation-region pair to take
advantage of the increase in demand in pair 1A, therefore reducing the unemployment
gains in Occupation 1 that are realised in the other scenarios and reducing the negative
unemployment impacts in Occupation 2. What is surprising is that this scenario, Split
1A 2B, has better outcomes than Regional 1A,2A where demand increases most for
occupation-region pair 1A, but also 2A. To understand this better, we can look at
the disaggregated results.

At the occupation-region level, we see, in Table 3.3, that the disaggregated impacts
on Occupation 1 are similar across the two regions for all four scenarios. This is
notable since there is a difference in demand of 5,000 between the two regions in
each scenario, however not that surprising, because both regions have an increase in
demand, in Occupation 1, we just differ which region has the largest increase. We see
instead that the main difference comes when comparing Regional 1A 2A and Split
1B,2A with Regional 1B,2B and Split 1A,2B. The two scenarios where unemployment
in Occupation 1 decreases the most are the two scenarios when occupation-region
pair 2A has the better conditions, rather than 2B. This is caused by the interplay
between the target labour demand and the mobility network. Occupation-region
2B is the least popular within the network and so when the favourable demand

conditions in Occupation 2 are in Region B, workers cannot react as quickly (from any
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Occupation 1 | Occupation 2
Universal 1 -2.89 3.96
Regional 1A 2A | -3.08 4.48
Regional 1B,2B | -3.47 4.82
Split 1A,2B -2.54 3.91
Split 1B,2A -3.37 4.92

Table 3.2: Unemployment rate change for toy model at the occupation level.
Percentage change of the average occupation level unemployment rate.

Occupation 1 Occupation 2
Region A | Region B | Region A | Region B
Regional 1A,2A | -3.32 -3.24 1.87 7.10
Regional 1B,2B | -2.67 -2.87 8.70 0.55
Split 1A,2B -2.63 -2.89 8.61 -0.19
Split 1B,2A -3.28 -3.25 1.94 7.79

Table 3.3: Unemployment rate change for toy model at the
occupation-region level. Percentage change of the average occupation-region level
unemployment rate.

origin occupation-region), and the unemployment benefits of the demand increase in
Occupation 1 are smaller.

In Occupation 2, however, the unemployment rates in the two regions are not
similar. The unemployment rate increases more in the region with the biggest
decrease in demand. This is expected but what is of interest is the magnitude of
the unemployment increase, and especially that unemployment actually decreases in
Region B in Split 1A,2B, in Occupation 2. In this scenario, workers separated by
the state-dependent process in pair 2B are able to quickly find employment elsewhere
(due to their position in the network).

We can clearly see the effect that including regions has on unemployment
outcomes, even when the aggregate demand for the two occupations is the same.
These nuanced findings from a simple two-occupation, two-region set up are
motivation for the next chapter, where we apply the model to a case study in Brazil.

So far in this toy model, we have only reported the results from running the
deterministic approximation. Although we will carry out the main analysis of the
two versions of the model in Chapter 5, in Figure 3.8 we show the results from 10
runs of the full agent-based model, the average of these runs, and the deterministic
approximation for Regional 1A 2A. Here, for 600 time steps of the model, the full

agent-based model takes on average 15.61 seconds to run while the deterministic
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Figure 3.8: Aggregate unemployment rate for Regional 1A,2A. The
unemployment rate for the Regional 1A,2A scenario with the full simulation and
deterministic approximation.

approximation takes 0.74 seconds, more than 20 times faster. This hints at the
powerful computational benefits of the deterministic approximation. This motivates
the development of this particular agent-based model, with careful attention paid to

the approximation for exploitation of this speed-up during future calibration.

3.3 Conclusions

In this chapter, we first introduced the del Rio-Chanona et al. labour market model.
We took care to discuss the deterministic approximation which we already see gives
important computational benefits, even in the small toy model of Section 3.2.1. In
Chapter 5, we relax some modelling assumptions and again calculate the deterministic
approximation, showing these computational benefits as well as further discussion of
the large population assumption.

We then discussed different regional mobility models before constructing the
regional occupational mobility network for Brazil, and using network science
techniques to untangle the complex structure. Adding regional mobility into the
model gives us the ability to expand our analysis further than a single city. We
can now incorporate the heterogeneity of demand shocks across regions, as well as
occupations. In the toy model discussed in this chapter, we begin to see the second
order effects of heterogeneous demand shocks across regions and occupations. In the
next chapter, we apply the model to two growth pathways in Brazil using this regional
labour market model. We identify these second order effects, as well as looking at

both supply and demand changes through unemployment and vacancy rates.
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Chapter 4

Brazil case study

This chapter addresses the questions:

e What regions and occupations are at risk of negative labour market impacts of

two growth pathways in Brazil?
e How do those growth pathways impact unemployment and vacancy rates?

This chapter features results that are now superseded in the upcoming paper it is
based on titled ‘Skill and spatial mismatches for sustainable development in Brazil’
with authors: Anna K. Berryman, Fernanda Senra de Moura, Joris Biicker, Pete
Barbrook-Johnson, Marek Hanusch, Penny Mealy, J. Doyne Farmer, and R. Maria
del Rio-Chanona. While this chapter uses data provided by the World Bank, it does
not represent the views of the World Bank, or the countries it represents. This work
follows a case study published by the EEIST consortium where Berryman et al. [120]

present the scenarios only at the occupation level.

4.1 Introduction

All countries need to undertake some degree of structural change in order to transition
to a low carbon economy. This will impact the labour market in different ways.
While current studies suggest that more jobs are likely to be created than destroyed,
newly created jobs may require different skills [47] or arise in different locations from
those that disappear [7, 121]. Such skill or spatial-related mismatches can drive
unemployment in some occupations and regions, while leaving unfilled job vacancies in
others. An unmanaged transition can lead to declining income and greater inequality

and deprivation [48, 122], giving rise to ‘green discontent’ in neglected regions [123].
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Consequently, examining the labour implications of transition policies at occupational
and regional levels is paramount.

While Brazil’s energy matrix is one of the least carbon-intensive in the world,
its emissions related to deforestation and agriculture make it one of the largest
greenhouse gas emitters [18]. Brazil’s transition to an environmentally sustainable
economy, and achieving their 2050 goal of carbon-neutrality [19], depends on shifting
away from deforestation-intensive activities, as the Amazon Rainforest is one of the
world’s largest carbon sinks [17].

Recently, Hlongwane and Khobai found that how this shift and the increased
energy demand are managed has potential employment impacts, as well as economic
impacts in the BRICS nations [124]. Others have used I0 models to look at the
impact of specific interventions, such as the adoption of green hydrogen [125] and the
Amazon green recovery [126]. In this chapter, we apply the labour market model to
two distinct growth pathways with very different environmental outcomes and study
their impact on unemployment and vacancies across occupations and regions in Brazil.

We apply our framework to labour demand scenarios taken from two growth
pathways [20] for Brazil, which model increased productivity in the manufacturing
sector (Manufacturing growth path), which leads to lower emissions and less
deforestation, and in the agriculture sector (Agriculture growth path), which leads
to higher emissions and only slightly less deforestation.

We introduce the regional occupational mobility network for Brazil and visualise
it for the first time, which reveals strong regional structure. We detail the
transition scenarios and introduce the unfilled vacancy rate. We then find that the
Manufacturing growth path has lower aggregate unemployment than the Agriculture
growth path as well as smaller impacts across occupations and regions. The simple
toy model in Section 3.2.1 gives an insight into the possible second order effects
we can model with this extended network. To illustrate these second order effects
further, we also present the unemployment and vacancy rate impacts for the complete
network. Our analysis identifies the skill and spacial mismatches of worker availability
and demand during the two growth pathways, and we identify possible inequalities
exacerbated by these mismatches, as well as regions and occupations most at risk of

negative labour market impacts during the transition scenarios.
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4.2 Methods

In this section we introduce the transition scenarios, which define the target demand,
D1, in the model. As well as studying the unemployment impacts of the transition
scenarios, we study the unfilled vacancy rate. As we discussed in Section 2.3,
‘hard-to-fill’ vacancies are often only studied through surveys with few quantitative
models [21, 22, 54] therefore, we introduce definitions for the unfilled vacancy, and
unemployment rates. We can also use the extended regional model to identify both
occupational and regional frictions that workers and employers might experience
during the transition scenarios, which we quantify with a variance decomposition
analysis introduced in this section.

For this analysis, we use the parameter values for 9,, d,, and ~ calibrated by del
Rio-Chanona et al. [11]. The data available for Brazil did not facilitate re-calibrating
the parameters due to the unavailability of job vacancy data. Calibrating these
parameters to the Brazil economy would have a quantitative effect on the paper
outcomes, but qualitatively the effects tell the same story. The forthcoming paper
based on this chapter will have a comprehensive calibration of these three model

parameters to Brazil data.

4.2.1 Transition scenarios

We use two scenarios that model growth pathways for Brazil plus a baseline scenario
from Ferreira Filho and Hanusch [20]. They use a CGE model that includes a land-use
module to look at different scenarios for Brazil from 2018 to 2030, to try to understand
how different sectoral productivity pathways relate to Brazil’s decarbonisation targets.
Due to the importance of deforestation to the green transition in Brazil, the land-use
module in the Ferreira Filho and Hanusch analysis gives insights into the levels of
deforestation.

Ferreira Filho and Hanusch use the TERM (The Enormous Regional Model [127])
model, tailored to Brazil with a land-use module. This models each region as a
separate economy in addition to the land-use change module that uses relative prices
of agricultural products and data on how land-use has changed within each region
to model the future land-use. The model is run from 2015 to 2018 to reproduce the
observed Brazilian economy and then from 2018 to 2030 to understand the impact of
the economic interventions. That is, a baseline scenario is run with no change to the
economy from 2018 to 2030 and then the scenarios, which we introduce next, are run

and compared to the baseline.
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We look at two of these scenarios. The Manufacturing growth path which assumes
an annual 0.5% total factor productivity (TFP) growth in the manufacturing sector
across Brazil, and the Agriculture growth path which assumes an annual 0.5% TFP
increase in the agriculture sector across Brazil. Ferreira Filho and Hanusch conclude
that the Manufacturing growth path is associated with a 3.9% increase in GDP, 0.8
million hectares less deforestation, and over 67,000 kT less COy emissions in Brazil
compared to the baseline scenario! with no change in productivity. The Agriculture
growth path is projected to have an increase of 1.8% to GDP, 0.3 million hectares less
deforestation but 18,000 kT more COy emissions compared to the baseline scenario.
The Manufacturing growth path can be interpreted as a shift towards more sustainable
development, whereas the Agriculture growth path doubles down on a sector that has
historically been Brazil’s competitive strength but causes deforestation and emissions.

We convert the labour demand output from the two sectoral scenarios and the
baseline scenario to target demand in our model. First, we convert sector level
labour demand data to occupation level labour demand for each scenario, using a
breakdown of occupational employment per industry in 2018 and 2019. We assume
this breakdown to be stable for the duration of the scenario. The CGE model
includes an assumption on population growth, but our model can only handle a fixed
population size. Therefore, we normalise all three scenarios with the total employment
in the baseline scenario.

If total labour demand for occupation-region pair i in year 7 in scenario s is
Dia;r,s, then the normalised target demand for labour, 75m;7,s, is

~ Diom’,s : Zi,a Dia;2018,baseline
Dia;T,s = .

4.1
Zi,a Dia;‘r,baseline ( )

Within each year, we interpolate the demand per model timestep linearly to calculate
target demand (D;ra;t

destroyed in each occupational group.? These figures show the difference in magnitude

). In Figure 4.1, we show the number of jobs created and

of reallocation between the two growth paths as well as the qualitative similarities.
We plot the occupation level demand change on the national occupational mobility
network to understand where the occupation level demand shown in Figure 4.1 is

increasing and decreasing. In Figure 4.2, we see the national network with nodes

IThe pathways are presented in relation to a baseline scenario in which the total factor
productivity does not change over time. We therefore present our results in relation to this baseline
scenario. Any difference in outcomes can be interpreted as the effect of the growth pathway.

2That is, we count the total jobs created from 2018 to 2030 in the occupation-region pairs within
each occupational group where demand increases and we count the total jobs destroyed in those
occupation-region pairs where demand decreases.
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Figure 4.1: Occupation level labour demand change. Labour demand
change per occupational group for (a) the Manufacturing growth path, and (b) the
Agriculture growth path.

coloured with the 2030 demand for the two growth paths compared to the baseline.
In the Agriculture growth path shown Figure 4.2b, we see the occupations where
demand is decreasing, mostly in ‘Agriculture, forestry, and fisheries’ (100% of workers
in this occupational group face a demand decrease), and ‘Industrial goods and service
(machine)’” (91% of workers), compared to the baseline and also where demand is
increasing, mostly ‘Professionals of sciences and arts’ (71% of workers see demand
increase) and ‘Middle-level technicians’ (69% of workers). The separation within
the network of these two groups of occupations indicates that there might be some
mobility frictions that hinder the transition proposed by the TFP growth paths.

There are also areas with a mix of occupations with increasing and decreasing
demand. This mix of fortunes for occupations close to one another in the network
could offer employment opportunities for the occupations with decreasing demand
in neighbouring (or nearby) occupations. This is likely to be more difficult for
the occupations in agriculture, forestry and fisheries and machine industrial goods
as these occupations are largely surrounded by other occupations with decreasing
demand. Conversely, employers in the occupations surrounded by other occupations
with increasing demand might find it difficult to fill new positions. The occupational
groups represented in this mix of occupations with varying demand change in both
growth paths are mainly ‘Industrial goods and services (craft)’ and ‘Repair and
maintenance’.

The scenarios and the labour market model we use in this study have different
foundational methodologies. We are interested in identifying the impact of frictions

workers could face during the growth pathways that are missed in the CGE model,
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Figure 4.2: Demand change on the occupational mobility network. 2030
demand change compared to the baseline for (a) the Manufacturing growth path, and
(b) the Agriculture growth path.
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where these occupation-level frictions are not modelled. This initial study takes the
scenarios as exogenous and further work should aim to couple the two models together,
essentially embedding the labour market network model into the CGE model so that

labour mobility frictions are considered in each timestep of the CGE model.

4.2.2 Unemployment and unfilled vacancy rates

Akin to the previous chapter, the unemployment rate of occupation-region pair i«
represents the proportion of workers in occupation-region ¢« that have not found new
employment, after being separated while employed in occupation ic. The average

unemployment rate over the study period for occupation-region pair i« is defined as
o ZteT Uia;t
- ZteT (Uia;t + Eia;t)7
where T' is the set of time steps that correspond to the years of transition, 2018 to
2030.

(>2)

The average z-month vacancy rate v;7 ,erq4¢ 18 the fraction of vacancies over all

(4.2)

Uia;average(T>

jobs in occupation-region pair 7« that are open for at least x months, on average over

the study period, defined as

(Z2)
_ ZtET ‘/;a;t
ZtET (V;Za;t + Eia;t)

U(ZUU) (T)

iaaverage

(4.3)

where V;(aztx) is the number of vacancies open in occupation-region pair i« at time ¢
that have been open for at least z-months.

Throughout this chapter, we use the average 6-month vacancy rate, but the results
are qualitatively unaffected by choosing the duration of an unfilled vacancy to be

three, six, or twelve months.

4.2.3 Occupation-related versus region-related network
effects

We use variance decomposition to understand the contribution of between-region
versus between-occupation variation to the total variation of unemployment and
vacancy rate outcomes. Based on Baumgarten, Felbermayr, and Lehwald [128], we

decompose the variance of the unemployment rate wiq;qverage = Wi as

1
N Z(um —u)? = wvar(t,) +  var(i)  +var(Uie — e — U;), (4.4)
; ~—— ~—— ~ ~~
N b P between-region  between-occupation residual variance

-
total variance
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where N is the total number of occupation-region pairs, 4, is the mean unemployment
rate change within region «, #; is the mean unemployment rate change within
occupation ¢, and @ is the overall mean unemployment rate change across all
occupation-region pairs. The variance decomposition for the vacancy rate follows

analogously.

4.3 Results

In this section, we explore the potential labour market impacts of the Manufacturing
and Agriculture growth paths in Brazil. ~We show that both pathways have
increased unemployment and unfilled vacancy rates compared to the baseline,
with the Agriculture growth path facing greater reallocation and higher aggregate
unemployment. We investigate how these impacts vary across the wage distribution
and across regions and broad occupations. We use the regional occupational mobility
network to capture the frictions that workers face when transitioning between
occupations, in reaction to the growth pathways, particularly showing the impact
of our model when we compare the results using the mobility network and a network
with no frictions.

At the occupation level, our results indicate that the lowest-wage occupations are
impacted most negatively. Unless the growth path will come with additional help
for workers to transition to skills that are in demand, this might lead to growing
inequality. Specifically, if the productivity increase in Manufacturing is realised,
retraining will be needed for agriculture and repair/maintenance workers. While
services, agriculture, and repair/maintenance workers will likely need targeted policies
if the Agriculture growth path is followed.

Our results also identify where these retraining policies should be targeted at
the region level, and where worker relocation or local development policies need to
be considered to enable smoother development in Brazil. In order to follow the
Manufacturing growth path successfully, regional policies in Mato Grosso, RSul, and
the northern regions should be considered. If the Agriculture growth path is followed,
policies need to be aimed at inland, agriculture focused regions such as Roraima and

Rondénia.

4.3.1 Inequality of unemployment outcomes

The Manufacturing growth path has better unemployment outcomes compared to

the Agriculture growth path. The aggregate average unemployment rate from
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Figure 4.3: Brazil demand and unemployment rate. In (a) the volume of labour
reallocation (Definition 6) per year, and in (b) the aggregate unemployment rate
between 2018 and 2030.

2018 to 2030 in the Manufacturing growth path is 6.273% and 6.290% in the
Agriculture growth path, compared to 6.268% in the baseline scenario. The aggregate
unemployment rates and yearly labour reallocation (Definition 6) are shown in
Figure 4.3. The differences between the aggregate unemployment rates of the two
scenarios and the baseline represent somewhat small differences.® However, we are
interested in the disaggregated variation, at the regional and occupational level.
At this level, we will see that the unemployment rate can change up to 1% in a
single occupation-region, which would have significant impact to the workers of this
occupation-region.

Figures 4.4a and 4.5a show the change in the unemployment rate by
occupation-region in relation to the change in labour demand, compared to the
baseline and, as we might expect, there is an inverse relationship. In both scenarios
about half of the occupation-region pairs face a decrease in labour demand by
2030, compared to the baseline.* Our model shows that this translates to 53%
of occupation-region pairs being negatively affected by the Manufacturing growth
path (i.e. face higher unemployment rates than in the baseline) versus 59% in the

Agriculture growth path.’

3Indeed if we compare the time series using a permutation test, we find that the differences
between the aggregate unemployment rates for the scenarios compared to the baseline are not
statistically significant.

455.1% in the Manufacturing growth path and 54.8% in the Agriculture growth path.

5These occupation-region pairs represent 60% and 56% of workers respectively.
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Figure 4.4: Manufacturing growth path unemployment outcomes. In (a)
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Occupations with the same change in demand face different unemployment
outcomes due to their position in the network and the demand profile of their
surrounding occupations. For example, in the Manufacturing growth path shown
in Figure 4.4a, ‘Textile workers’ and ‘Clothing machinists’ in Sao Paulo have a
similar change in demand but different unemployment effects — the former is almost
unaffected by the scenario, while the latter is negatively affected. ‘Textile workers’
in Sao Paulo are able to mitigate the decrease in demand for workers in their
occupation because they are able to find employment elsewhere. In contrast, ‘Clothing
machinists’ in Sao Paulo are unable to find employment elsewhere, as many of
their closest other options also have a decrease in demand. These complex network
effects constitute the ‘second order effects’ that introduce variance in unemployment
outcomes.

We also show the results for the case with no worker frictions in Figures 4.4a
and 4.5a. Here, we run the model with every occupation-region pair connected to all
other occupation-regions with equal weights. Unemployed workers are able to find
a new job in any occupation-region pair. In this case, there is very little variation
for occupation-regions with the same change in demand and very little impact on
the unemployment rate compared to the baseline. This is because unemployed
workers do not face any skill or spatial frictions and so can apply for a job in any
occupation-region pair, greatly reducing the friction within the model.

In the Agriculture growth path, as shown in Figure 4.5a, ‘Store clerks’ in Sao Paulo
see a significant increase in the unemployment rate compared to the baseline for a
relatively small decrease in overall demand. Workers in this occupation-region have
few options to react to this small decrease. This occupation-region has relatively low
mobility and the closest options in alternative occupations and regions also experience
a decrease in demand. We find similar patterns for ‘Agricultural support workers’ and
other agricultural workers, suggesting that the productivity gains in the agriculture

sector may not translate into better outcomes for agriculture workers.

Skill mismatches

High-wage occupations are better positioned to benefit from both transition scenarios.
We find that the best outcomes tend to be concentrated in occupations with
higher wages in both growth paths, as shown in Figures 4.4b and 4.5b. This can
increase inequality in labour market outcomes and, subsequently, income and welfare.
In the Manufacturing growth path, ‘Middle-level technicians’, ‘Professionals of

sciences and arts’, and ‘Industrial goods (craft) workers’ are the occupational groups
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most likely to benefit while occupational groups with lower wages face increased
unemployment rates. In the Agriculture growth path, the high-wage occupational
groups, ‘Managers’, ‘Professionals of sciences and arts’, and ‘Middle-level technicians’,
face lower unemployment than in the baseline while ‘Agriculture, forestry and fisheries
workers’, the occupational group with the lowest mean wage, face a large increase in
the unemployment rate. This disparity in unemployment outcomes across the wage
distribution is caused by low mobility and being surrounded by other decreasing

demand occupations, as we saw in Figures 3.4 and 4.2.

Spatial mismatches

At the region level, we find that most regions see an increase in the aggregate
unemployment rate compared to the baseline, as shown in Figures 4.4c and 4.5c.
In the Manufacturing growth path, we find an increase in the unemployment rate in
all regions except Sao Paulo and RSudeste, and in the Agriculture growth path the
unemployment rate increases in all regions except RSudeste. We can also see that
unemployment decreases are focused in the coastal and metropolitan regions, while
the more rural, Amazonian regions face the largest increases in unemployment. In the
Agriculture growth path, Roraima and Rondonia are particularly adversely affected,
with the average unemployment rate increasing by 1.66 and 1.72 percentage-points

compared to the baseline.

Contribution of skill versus spatial

Unemployment rate changes are much more varied by occupation than by region.
This is evidenced in Figures 4.4b and 4.5b where most broad occupational groups have
similar unemployment outcomes across all regions. Decomposing the total variance
of unemployment outcomes, we find that differences between regions explain little of
the heterogeneity in outcomes.® Indeed, occupation network effects, as captured by
the between-occupation component of the variance, explain about 43% and 46% of
the variance in unemployment rates in the Manufacturing and Agriculture growth

paths respectively, as shown in Figure 4.6.
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Figure 4.6: Variance decomposition. Variance decomposition of the

unemployment and 6-month unfilled vacancy rate outcomes for the Agriculture and
Manufacturing growth paths.

4.3.2 Unfilled job vacancies risk slowing down development

Higher unemployment rates affect workers whereas an abundance of unfilled vacancies
affects employers and risks slowing down the pace of development. We show the
average unfilled vacancy rate in Figures 4.7a and 4.8a. In both scenarios there
is a positive relationship between changes in labour demand and unfilled vacancy
rates. In the Manufacturing growth path we see evidence of friction, with 32% of
occupation-region pairs facing higher unfilled vacancy rates than in the baseline, and
39% in the Agriculture growth path.”

We also observe second order network effects in the vacancy rate changes for
occupation-region pairs with similar demand changes. For example, in the Agriculture
growth path, vacancies for ‘Systems technicians’ in Rondonia remain unfilled because
there are few occupation-region pairs connected to this pair in the network from
where workers could apply. Whereas ‘Telecommunications technicians’ in Sao Paulo
have a strong probability of staying in this occupation-region, which results in open

vacancies being filled faster, keeping the unfilled vacancy rate low.

6Tt is worth noting that this result is consistent with the fact that the productivity shocks
simulated in each scenario are homogeneous across regions and that the between-region components
of the demand shocks are relatively low as well.

"These occupation-region pairs represent 23% and 20% of workers respectively.
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Figure 4.7: Manufacturing growth path vacancy outcomes. In (a) the
percentage-point change of the 2018-2030 average unfilled vacancy rate from the
baseline against percentage demand change compared to baseline in 2030, each data
point represents an occupation-region pair, shaped by region and sized proportional
to employment in 2018 with inset labels identifying different occupations, in (b) the
percentage-point change of the 2018-2030 unfilled vacancy rate from the baseline for
each occupational group and region, and in (c) the regional percentage-point change
of the average unfilled vacancy rate from baseline.
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Figure 4.8: Agriculture growth path vacancy outcomes. In (a) the
percentage-point change of the 2018-2030 average unfilled vacancy rate from the
baseline against percentage demand change compared to baseline in 2030, each data
point represents an occupation-region pair, shaped by region and sized proportional
to employment in 2018 with inset labels identifying different occupations, in (b) the
percentage-point change of the 2018-2030 unfilled vacancy rate from the baseline for
each occupational group and region, and in (c¢) the regional percentage-point change
of the average unfilled vacancy rate from baseline.
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Table 4.1: Aggregate outcomes. Average unemployment and unfilled vacancy rate
change compared to the baseline between 2018 and 2030 by occupational group.

Skill mismatches

Unfilled vacancy rates are concentrated in professional and technical occupations
as shown in Figures 4.7b and 4.8b. Typically, if the unemployment rate increased
during the growth path for an occupation, the unfilled vacancy rate is lower (and vice
versa). This relationship aligns with expectations: if there were more job openings
for unemployed workers to apply for and fill, the unemployment rate could decrease.
However, for the Manufacturing growth path, we do find vacancies that are hard to
fill in high wage occupations, where the unemployment rates were lower than the
baseline. Management occupations face increased unfilled vacancies but saw very
little impact on their unemployment rate. This indicates that employers of these
highly skilled workers are affected while workers in management occupations are not.
Also, service occupations have both increased unemployment and increased unfilled
vacancy rates meaning workers and employers of services could be negatively impacted
by the Manufacturing growth path. We show the aggregate occupation level outcomes
in Table 4.1.

In the Agriculture growth path, firms hiring in the occupational groups with higher
wages are likely to experience more friction and unfilled vacancies than in the baseline.
It is noteworthy that in the growth path driven by productivity gains in agriculture,
the vacancy rates for agricultural workers face the largest decrease compared to the
baseline, in line with the higher levels of unemployment likely to be experienced by

this group.
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Spatial mismatches

At the region level, we see, in Figures 4.7c and 4.8c, that most regions see an
increase in the unfilled vacancy rate in both scenarios compared to the baseline.
Roraima, Acre, and Rondonia see a decreased rate of unfilled vacancies compared
to the baseline in both scenarios, while all other regions have increased rates of
unfilled vacancies. Complementary to the region level unemployment rates, the largest
increase in unfilled vacancies is seen in the coastal regions, where we forecast better

employment outcomes.

4.4 Discussion

Understanding the labour market impacts of different development pathways and
policies is vital for policy development and public acceptance. The unemployment
and vacancy impacts of development policies depend on labour mobility frictions.
We introduced a regional occupational mobility network for Brazil which accounts
for frictions between occupations and regions. We linked this network to an external
macro-economic model and our labour market agent-based model, to investigate the
labour market impacts of two growth pathways in Brazil, one in which total factor
productivity increases in the manufacturing sector and another with the productivity
increase in the agriculture sector.

We identified occupation-region pairs that may require the attention of
policy makers due to increased unemployment or rising unfilled vacancy rates.
Occupation-region pairs with high unemployment are a concern due to the obvious
social and economic damage that unemployment can cause. Meanwhile, addressing
vacancy rates is important to support development and ensure that the right workers
with the right skills are available to fulfil demand. In Table 4.2, we identify the top
five occupation-region pairs with the largest increase in their unemployment rate,
and the top five pairs with the largest increase in the vacancy rate. The disaggregate
outcomes of the model give policy makers power to investigate specific occupations
and regions in their interest, as well as highlighting which occupations and regions
could be most at risk from the two transition scenarios.

In Chapter 3, we visualised the skill and spatial frictions within the labour market
of Brazil in a way that has never been done before. We find rich regional structure
within the network, with inter-region transitions tightly reflecting the geography of
Brazil. This network enables us to show and model key empirical labour market

structures that are not captured by the usual modelling approaches. Including labour
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Agriculture

Manufacturing

Key growth path
characteristics

5% increase in total
factor productivity
in agriculture sector

5% increase in total
factor productivity
in manufacturing sector

Top five occupation-
regions with higher
unemployment rates

1. Agricultural support
workers in RSul

2. Agricultural workers
in general in RSul

3. Agricultural workers
in general in

RSudeste

4. Agricultural support
workers in RSudeste

5. Garment sewing
machine operators

in RSul

1. Agricultural support
workers in RSul

2. Agricultural workers
in general in RSul

3. Garment sewing
machine operators
in RSul

4. Garment sewing
machine operators
in RSudeste

5. Garment sewing
machine operators
in Sao Paulo

Top five occupation-
regions with higher
vacancy rates

1. Programmers,
evaluators, and
guidance counselors
in Amapa

2. Teachers in the area
of pedagogical training
in higher education
in Amapa

3. Elementary school
teachers in grades five
through eight in Amapa

4. High school teachers
in Amapa

5. Higher education
professors of architecture
and urbanism,
engineering, geophysics,
and geology in Bahia

1. Teachers in the area
of pedagogical training
in higher education
in Amapa

2. Programmers,
evaluators, and
guidance counselors
in Amapa

3. Civil and Allied
Engineers in MtGrosso

4. Elementary school
teachers in grades five
through eight in Amapa

5. Child, youth, adult
and elderly caregivers
in Amapa

Table 4.2: Summary table. Top five affected occupation-regions.
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mobility frictions is important when studying the labour market impacts of economic
transitions [5] and our analysis, using over 400 occupations, captures these frictions.
Comparing the results of our model with and without labour frictions highlights the
contribution of the network to understanding the impact of different growth paths.
We identify occupation-region pairs at risk of negative impacts due to the interaction
of the scenarios and their position in the regional occupational mobility network.

Our results suggest that both pathways present some risk to workers during the
transition period, with better aggregate effects seen in the Manufacturing growth
pathway compared to the baseline, than in the Agriculture growth pathway. The
pathways also come with challenges for employers, who may struggle to find workers
with the appropriate skills in their region. Therefore, training and labour mobility
policies will be important to support sustained growth. The vacancy analysis could
be particularly helpful to policy makers and employers as we quantify and identify
the occupations and regions most at risk of unfilled vacancies, unlike much of the
existing research, which largely relies on employer surveys [21, 22].

Contributing to these challenges is the difference between the regions with
increased unemployment and those with increased unfilled vacancies. The regions
with increased unemployment are coastal, and have historically been more attractive
to workers than the interior. Carvalho and Indcio de Moraes [129] find that the
Brazilian Coastal and Marine economies represented 19.0% of Brazil GDP in 2015,
with much of this activity dominated by services. The regional disconnect between
increased unemployment and increased unfilled vacancy rates is in line with Lim et
al. [7] who find that, in the US, the new green jobs being created are not necessarily
in the same location as the brown jobs. As distributional disparities such as these
could fuel discontent [123], attending to these regional inequalities could be crucial
to the political sustainability of any transition path.

Another possible inequality that could be exacerbated by these growth pathways
is across the wage distribution. We find that workers at the bottom end of the
wage distribution could be most adversely affected and therefore require assistance
from policy makers if these growth pathways are realised. This possible inequality
of sustainable development pathways has been identified before [8]. Our results are
further evidence that retraining policies are very likely to be needed to mitigate the
negative impact of transition scenarios on low-wage workers [44].

This work has presented one of the most granular labour market models available
but leaves plenty of room for future work. The method could be extended by more

tightly coupling our model with an external macro-economic model [130, 131] to
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allow for feedback between the industrial output and labour market frictions. This
would create the possibility of quantifying a slowdown in growth relating to unfilled
vacancies. Our model could act as a marketplace for workers and employers to fulfil
the labour demand needed by the macro model, and a ‘realised productivity’ would
be able to be calculated, with the consideration of labour frictions. The flexibility of
our model means that, given the right data, we could couple it with a macro model
with occupations and regions, or extend the mobility network framework to further
layers such as industries, or even firms.

The worker mobility data we use covers the entire formal labour market in Brazil,
about 67% [109] of the total labour force. Although the dataset we use accurately
reflect nationwide demographics such as gender and age [110], the lack of informal
transitions might be particularly consequential for occupations with high levels of
informality (the Services, Agricultural, and Industrial craft occupational groups)
which are under-represented in our data. Additional data, such as the PNAD survey,
could be used to understand and correct the sample bias in the RAIS data [132].

Nonetheless, our method enables us to identify the labour market outcomes across
regions and occupations with high granularity. Our results for Brazil echo those of
Bergant, Mano, and Shibata [133] for the US: a green transition may not dramatically
shift employment geographically but requires different skills. We contribute a new
model that provides insights that policymakers need to account for when thinking
about future developmental pathways; in particular, how workers at the bottom of
the wage distribution could be most adversely affected and how skill shortages at
the top end of the wage distribution could slow down progress. We find that skills

development programs and policies should be put in place sooner rather than later.

4.5 Conclusions

In this chapter, we applied the regional labour market model to two growth paths
for Brazil, identifying wage inequality in the unemployment impacts and unfilled
job vacancies that could slow down the transition. This case study highlights the
flexibility of applying our agent-based model to new countries and new economic
transitions. We also discussed an important pathway for further work, to couple our
model with a macro-economic model. This would allow for feedback between the
scenarios and our labour market model to see how the frictions we model might slow
down the economic transitions in the macro-economic model. Next, we extend the

labour market model by relaxing some key modelling assumptions.
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Chapter 5

A triad of model extensions

This chapter addresses the questions:

e How can the stochastic model framework be extended further to capture more

labour market mechanisms?

e Can we still derive a deterministic approximation for this added complexity?

5.1 Introduction

As discussed in Section 2.5, such stochastic labour market models based on networks
have been developed over the past few years. The seminal model of Guerrero and
Lépez [83] and Loépez, Guerrero, and Axtell [134] was the first to explore how the
structure of the mobility network affects unemployment, at the firm-level. Guerrero
and Lopez are able to derive an analytic steady-state solution which confirms that
the structure of the underlying network affects unemployment outcomes for workers.
They find that workers at firms surrounded by other firms with low hiring policies face
longer periods of unemployment than those workers at firms with more favourable
neighbours, evidence for the need to consider the structure of the underlying mobility
network when studying unemployment.

Del Rio-Chanona et al. [11] took these models a step further, now accounting
for spontaneous separation and state-dependent separation, as well as tracking open
vacancies, in place of using hiring rates. Del Rio-Chanona et al. also find that
their model is dependent on the structure of the underlying network however the
further model complexity has the consequence that the authors are unable to derive
the analytic steady-state solutions as Guerrero and Lépez did. Instead, as we have

discussed and leveraged in this thesis, del Rio-Chanona et al. derive a deterministic
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approximation to the stochastic model by taking expectations of each stochastic
process.

In this chapter, we extend the del Rio-Chanona model by considering on-the-job
search, wage-driven dynamics, and multiple applications. We formalise the derivation
of the number of filled vacancies in the original model, recognising that this follows the
so-called ‘Occupancy distribution’ [135]. This gives us the full probability distribution
for the number of job offers at each timestep, not just the mean as given by (3.21).
This enables us to calculate the approximation for multiple applications where, unlike
the single application case, offers are rejected, conditional on the number of matches,
and the number of job offers is no longer equal to the number of filled vacancies (if a
worker receives multiple job offers, they will reject all but one, leaving the remaining
vacancies open until the next time step).

We also add on-the-job search to the model, so employed workers can also apply
for new jobs. Wage pressure is also added simply by adjusting the attraction factors
of destination occupations to account for workers’ desire for higher wages. Deriving
the deterministic approximation for the model with these three extensions will ensure

the del Rio-Chanona model can continue to provide fast empirical analysis.

5.2 On-the-job search

On-the-job search has been shown to account for a large proportion of worker
transitions; Fallick and Fleischman [24] use the Current Population Survey (CPS)
from 1994 to 2003, and find that during this time, almost two fifths of new jobs
were filled by workers moving from employment to new employment and Faberman
et al. [23] find that around 20% of employed workers in the Survey of Consumer
Expectations reported searching for a job in the four weeks prior to the survey. More
recently, Fujita, Moscarini, and Postel-Vinay [136] use a similar analysis of the CPS.
Unable to repeat the exact analysis from Fallick and Fleischman due to missing
responses to specific interview questions in 2007, the authors propose a method to
impute the missing answers. With this imputed data, they confirm the prevalence
of employer-to-employer transitions, showing that workers transition from job-to-job
with a monthly probability of about 2.5%.

As well as representing a large number of transitions, on-the-job search has been
shown to be a driver of the shift in the Beveridge curve. Fujita et al. [136] show
that employer-to-employer transitions usually follow the business cycle, increasing

during an upturn and decreasing during a downturn; and they show the beginnings
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of the COVID-19 impact on job-to-job transition. Joyce et al. [137] see that during
the COVID-19 pandemic, the job finding rate for unemployed workers fluctuated but
returned to pre-COVID levels by 2021, while the number of employer-to-employer
transitions increased. They attribute the increase in vacancy postings to the increased
employer-to-employer transitions, rather than a real increase in labour demand.
Shimer [138] argues that the standard search and matching model [31] cannot
account for the cyclical behaviour of unemployment. Martin and Pierrard [25] show
how a carefully calibrated model with on-the-job search can in fact capture the
cyclical volatility of unemployment that Shimer argues is missing. Eeckhout and
Lindenlaub [139] also find that employed workers engaging in on-the-job search can
drive fluctuations in vacancy postings, and therefore drive the Beveridge Curve, even
in the absence of an external shock. With this in mind, we add on-the-job search to
our labour market model.

In the context of the agent-based model, employed workers will send an application
with some probability, with which they can apply for any vacancy they choose.
Employed workers in occupation ¢ apply to occupation j with the same probability
as unemployed workers,; as detailed in (3.6). Unemployed workers apply for jobs
in the same way as before. If an employed worker in occupation ¢ is successful,
they transition straight into employment in occupation j. As Joyce et al. [137]
highlight, many vacancy postings are created to fill the position left behind by an
employer-to-employer transition. However, in our model, we do not directly open
a vacancy for every employed worker who transitions out of occupation i. Instead,
if there is still more demand for workers in occupation ¢ at the next timestep, the
probability that a vacancy is opened will increase (since realised demand has decreased
due to this worker moving from occupation i to j), following (3.8).!

The extended model can be used with the regional occupational mobility network
for occupation-region pairs however, from here on, we only use occupations to keep
our notation simple (from Fj, s+, to Fj;;). The flow of workers Fj;;;1 now has
two components; the flow of workers previously unemployed in occupation i to

employment in occupation j, F] () and the flow of workers previously employed

ijt+17
in occupation ¢ to employment in occupation j, Fl(jez +1- We again liken this process
to the urn problem. Now an employed worker has a ball with their name on it, with

probability A, and they place their ball in the bin representing occupation j with the

! This should be kept in mind when calibrating the parameter ~, the rate at which vacancies are
opened due to the market adjusting towards target demand, to ensure that the delay between an
employed worker leaving their job and a new vacancy being opened (if there is the demand for it) is
not too long.
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same probability as the unemployed workers. Once all the balls have been placed,

selection follows as before. Therefore, FI(J t) 41 and FI(J i

that follow a multinomial distribution, which we make explicit in the next section.

, are both stochastic variables

The governing equations, originally in (3.1)—(3.3), for the full stochastic

agent-based model are now

_ (e)
Bt =Ei — zt—i—l + E Fit1— g Fl] i1 (5.1)
separated ¥
workers hired workers hlred
employed
workers
Uiri1 =Uis + B; t+1 g z],t+17 (5.2)
separated
workers hived
unemployed
workers
Vigg1 = Vig + C; t+1 — E Jit+1- (5.3)
opened

vacancies ]
hired workers

The change in employment for each occupation is equal to the number of workers
hired into the occupation (who were previously unemployed or employed), minus the
number of employed workers moving to a new job, and minus the number of workers
separated. The change in unemployment is equal to the number of workers separated
minus the number of unemployed workers hired from this occupation. The change
in the number of vacancies is equal to the number of opened vacancies minus the

number of vacancies filled (by unemployed and employed workers).

5.2.1 Deterministic approximation for large populations

As we detailed in Section 3.1.2, we can use the law of large numbers and Taylor
expansion to condense the full agent-based model into a set of deterministic equations
that we can run quickly. In this section, we show that the approximation still holds
when on-the-job search is added.

Let the probability that an employed worker is looking for a job be A. Let .S, (]“ 2 b
the random variable for the number of applications submitted by unemployed workers
in occupation 7 to occupation j, and Sfj )t 41 be the number submitted by employed
workers. Recall g;;:41 is the conditional probability that a worker unemployed in
occupation i applies to occupation j, given by (3.6). This is the same for unemployed

workers and employed workers, given they are looking for a job while in occupation .
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Then, as in (3.17), the expected number of applications sent by unemployed workers
is
ij,t4+1 QZ],t+1 2,09 .

and the expected number of applications sent by employed workers is

55;,)75“ = Aijt+1€it- (5.5)

Therefore, for fixed , S;j;41 is the sum of two multinomial distributions; one with
Ui trials and success probability ¢;;.41 for j € I, and one with AE;; trials and the
same success probabilities, and the total expected number of applications submitted

from occupation ¢ to occupation j is

Sij+l = 5§;'L,t+1 + 5§§,)t+1 (5.6)
= Qijat1Uit + AGijt41€ig -

The flow of workers Fj;;1 is now equal to the sum of the flow of unemployed

workers from occupation ¢ to occupation j, E(]ut) +1, and the flow of employed workers

from occupation ¢ to occupation 7, E(jez 1 FZ(]ut) 41 18 a multinomial where the number

of trials is the number of unemployed workers in occupation ¢ applying to occupation

i, S (“2 +1, and the probabilities are given by the probability of any application to

?,

occupation j being successful, Pj;;:. Fl(jez 41 is a multinomial with Sl(je 1 4 trials and

the same success probabilities, P;j;y1, as they do not depend on the origin of the

application. Recall Pj;;; defined above in (3.19), is given by
Mj,t+1

. 5.7
Sj7t+1 ( )

P =

The number of filled vacancies, M; .1, is the number of job openings that receive
at least one application, this is actually the so-called occupancy distribution [135].

Although the occupancy distribution has many applications, it is not a widely
known distribution, indeed it still does not have its own Wikipedia page.? The
occupancy distribution, formalised by O’Neill in 2021, tells us how many bins will
be occupied when we randomly place a certain number of balls. This is somewhat
similar to the birthday problem, where one wants to calculate the probability that
at least two people in a room share a birthday, and the coupon collector problem,
where one wants to calculate the number of coupons needed to have collected them all.

The occupancy distribution has been used for many different practical applications in

2Search undertaken on 7th January, 2025.

72



biology, vocabulary, and in a particular case of the lottery when, in 1982, a contestant

won two out of 500 cars with a single ticket, in a pool of 2.4 million tickets [140].
Following O’Neill [135], consider the case where we have y € N bins and we

allocate x € N balls to these bins with probability vector p = (p1,...,p,). The

occupancy number 1 < K < min(z,y) is the number of bins occupied by the balls

after random allocations, K = K (z,p). For the discrete uniform case, p = B, o i]
then denote K = K(x,y). The probability mass function is defined by
-S(x, k
Occ(k|z,y) = @) S, k) (5.8)
yx

k

b (y —w) are the falling factorials

for all integers 1 < k < min(z,y), where (y)r =[]
and S(x, k) are the Stirling numbers of the second kind. This can be rewritten as

k

Occ(hle ) = - (1) = () (-1t - o (5.9)

w=0

which we define as ¢(k|z,y) = Occ(k|x,y), and the expectation is given by

E(K) =y [1 - (1 - i)j . (5.10)

Returning to our case, we have Vjg, bins (vacancies) and Sjg.y1 balls
(applications) to be placed, for occupation-region j/5. The number of vacancies in

occupation-region j3 that receive at least one application follows the distribution
Mjgi+1|(Us, VimEy) ~ Oce (k|z = Sjgus1,y = Vige) - (5.11)
Therefore, the expected value for the flow of unemployed workers, for fixed ¢, is
Ji(]ugﬂ = E[Si(;’fg—&-lpj,t-l—ﬂut? Vi, €, (5.12)
and the expected value for the flow of employed workers is

fz(ye?tﬂ = E[S’(i—&-lpj,t—kl g, Vi, €] (5.13)

)

Without loss of generality, we prove that

w U (L—e /o)

Figtn 850 o 7 (5.14)
-]7
for the flow of unemployed workers and it follows that
e o U; (1 — e Shen/vie)
fi(y‘,2+1 ~ Sz(j,)t+1 : ; (5.15)

5j,t+1

for the flow of employed workers.
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Proof. As before, we define

\z t+1 ZS]C_] t+1- (516)
k#i

Then, the multivariate form for the flow of unemployed workers is defined as

1—e¢ (S(“t+1+s<”\‘2 t+1+SJ< t)+1)/5j’t)

w u u 17'715(
Eg,2+1 = Q(Sm t+1’SJ(\Z)t+1) Si(j,i“ ’

(5.17)

S+ Si

j\Z t+1 + S j,t+1

Now, again, S i1 and St \ 41 are 1ndependent The applications sent from
unemployed workers in occupation i, Szy i+1, are sent independently of the applications
sent from unemployed Workers in all other occupations, S ,gj)t 4 for k #.

Since S i, t 41 and St \Z 141 are 1ndependent we can perform a Taylor expansion of g

around the expected values for S i t 41 and sty analogous to (3.28). Let x = SZ(;LZ 15

J\&,t+1°

y = SJ(.@.)JH, v =17, and s = Sj(et)Jrl Let h(z,y) = g(Sm 1> Sj(i?tﬂ) then using the
independence of x and y,
h(w,y)
ULty v _
=h Has fby) + O < — ) 1—e (pz+py+s) /v
(b 1) (e + py +8)* (pe + p1y + 5)? ( )

+ ( ! - Ha Sl ) (-t +)/
(b + 1y +5) (o + 1y +5)°  20(pe + 11y + 5) (5.18)

VHa (1 — e~(hstmts)/v)

+02
Y1 (o + py + 8)3

+0(L7h).

o :ux + - /‘LJ? e (#z+uy+s)/v
(o + 1y +8)*  20(pe + 1y + 5)

The same law of large numbers holds as (3.29). Since s scales linearly with £, as

do p, py, o2, 05 , and v, again the second-order derivative terms are of the order of
a constant and the first term scales with £. Therefore, in the limit when L is large,
h(z,y) = h(tta, p1,) and so

) Ui (1 em e/

fij,t+1 = Sijt+1 : 501 ) (5.19)
]7

and it follows that

Vs (1 — efgj,tﬂ/@j,t)
7, =59, I . (5.20)

Sjt+1
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Therefore the deterministic approximation is given by

fij,tJrl = ﬁgut?ﬂ + fz(gez—i-l
_SjtHl Sl

U5t ) (e) @j,t(l —e it ) (521)
ij,t+1

w Ui(l—e
ij,t+1

9

Sjt+1 Sjt+1

and (3.33)—(3.35) become
Ciir1 = Eig — (0uiy + (1 = 6,)ymax{0,d;; — D} ,}) + Z Fiipen — Z ﬁ(;)s+1, (5.22)
j j
Uiy = Uiy + (0u€i + (1 — 6,)ymax{0,d;, — DL} = > i, (5.23)
j

@i,t—l—l = @i,t —|— <5véi,t + (]_ — (5U)7max{0, D;'[,t — Ji,t}) — Z fji,t—l—l- (524)
J

Separation and vacancy opening is unchanged, therefore, 6z’,t+1 and ¢;;1 are as
before in (3.13) and (3.14). This concludes the full model with the on-the-job search

extension which we now investigate with a toy model.

5.2.2 Toy model

To illustrate the extended model and the deterministic approximation, we run the
toy model scenario from Chapter 3 for different values of £. We use the Universal 1
scenario with a total population of 500, 50,000, and 5 million and compare the
deterministic approximation with 10 runs of the full agent-based model. As in the
previous toy model, we initially split the workers evenly between the two occupations,
keeping the set-up the same and only changing the total number of workers. We set
our new parameter for the probability that an employed worker applies for a new job,
A, to 0.01. In Section 6.3.1, we investigate the impact of changing this parameter.
We use the Universal 1 scenario as in Section 3.2.1, with the target demand
profile for £ = 500 shown in Figure 5.1a. In Figure 5.1b, we show the aggregate
unemployment rate for A\ = 0, corresponding to the original model, and the extended
model with on-the-job search where employed workers look for a new job with
probability A = 0.01. We see that the unemployment rate during the steady state,
before the demand change, is greater when employed workers also engage in job search.
This is expected. Even though the probability that an employed worker engages in
a job search is only 1%, this equates to roughly 47 employed workers in the steady
state. The 30 unemployed workers are then outnumbered in the application process

by employed workers, reducing the employment opportunities for unemployed workers
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Figure 5.1: On-the-job search toy model shock demand and unemployment
rate. In (a) the occupation level demand profiles for £ = 500, and in (b) the aggregate
unemployment rate with, and without, on-the-job search.

and therefore raising the unemployment rate. Del Rio-Chanona et al. [11] show that
the fixed point equations for constant demand depend on the parameters J, and 6,,
the target demand, and the network structure. While we omit the derivation of the
fixed point equations for the extended deterministic model, our simulations indicate
that they also depend on the parameter .

Now we run the deterministic approximation, and 10 runs of the full agent-based
model for different values of £. We show the results for £ = 500, £ = 50,000, and
L = 5,000,000 in Figures 5.2, 5.3, and 5.4, respectively. We can see, as L increases,
each run of the agent-based model follows the deterministic approximation more
closely. In Table 5.1, we show the average standard error between the 10 agent-based
model simulations. We also report the average difference between the deterministic
approximation and the mean across the 10 agent-based model runs. We can see that
the error decreases as L increases.

We record the time taken for each approximation and the average agent-based
model simulation time, reported in Table 5.2. We can see the huge benefit of having
the deterministic approximation over needing to run the full agent-based model.
For £ = 50,000, the approximation is about 17 times faster than one run of the
agent-based model, while for £ = 5,000,000, the approximation is nearly 3,000 times
faster. Because of the vectorisation in the code, the deterministic approximation time

only depends on the number of occupations and does not rise with L.
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Figure 5.2: Simulations and approximation for the toy model with
on-the-job search, £ = 500. Unemployment rates of the deterministic
approximation and for 10 runs of the full model.
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Figure 5.3: Simulations and approximation for the toy model with
on-the-job search, £ = 50,000. Unemployment rates of the deterministic
approximation and for 10 runs of the full model.
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Figure 5.4: Simulations and approximation for the toy model with
on-the-job search, £ = 5,000,000. Unemployment rates of the deterministic
approximation and for 10 runs of the full model.
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L Average standard | RMS difference of ABM | RMS difference of
error average from DA ABM from DA

500 0.397 0.409 1.38

50,000 0.0380 0.100 0.159

5,000,000 | 0.00394 0.0897 0.0903

Table 5.1: Comparison of average unemployment rate for on-the-job search.
Decreasing standard error and root mean squared (RMS) difference between the
agent-based model (ABM) mean and the deterministic approximation (DA), for
different values of L.

L ‘ ABM average time ‘ Approximation time
500 0.24 s 0.33 s
50,000 5.04 s 0.30 s
5,000,000 | 843.49 s 0.30 s

Table 5.2: On-the-job search toy model time taken. Time taken for one
deterministic approximation and the average for 10 runs of the agent-based model
(ABM), for different values of L.

5.3 Multiple job applications

It is evidenced in the literature that unemployed and employed workers search for job
vacancies differently [26, 27]. Mukoyama, Petterson, and Sahin [26] use the American
Time Use Survey, available from US Bureau of Labour Statistics, and find that,
on average, employed workers spend 0.5 minutes per day searching for a job while
unemployed workers spend 30.4 minutes. Therefore, with employed workers now
able to apply for open vacancies in the model, we would like to be able to reflect the
intensity of unemployed and employed workers’ search effort. To do this, we introduce
two new parameters, for the number of applications workers in each group send at
each time step.

In addition to the discussion above on the Beveridge Curve, we find evidence of
cyclical job search efforts among employed and unemployed workers. For example,
Mukoyama et al. [26] find that, on average, workers spend more time searching
during a recession period. Balgova et al. [27] find that, contrary to Mukoyama et
al., employed workers sent more and unemployed workers sent fewer applications
during the pandemic-induced recession in 2020. They find that the uncertainty around
the duration of the COVID-19 pandemic contributed to this unexpected job search
behaviour and that health concerns did not appear to influence worker’s behaviour.

However, for now, in our model, we assume that workers who are searching for a new
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job send a constant number of applications at each time step, independent of the
economy and the business cycle.

Previously, we assumed that unemployed workers sent one application to one
vacancy per time step, accepting a job offer if successful and simply sending another
application to a vacancy in the next time step if unsuccessful. If a vacancy received
one or more applications, one applicant was chosen uniformly at random, said worker
was hired, and the vacancy closed. If a vacancy didn’t receive any applications, the
vacancy remained open until the next time step. Now, we suppose that unemployed
workers send (3, applications per time step; and employed workers send 3, applications
(if they are looking for a new job). Figure 5.5 is a flow chart that illustrates the
transitions from the perspective of a worker and a job vacancy with on-the-job search
and multiple applications.

If a specific vacancy receives at least one application, as before, a job offer is sent
to a worker who applied to said vacancy uniformly at random. However, before the
workers only sent one job application so if their application was chosen, they took
up the position. Now we can be in a situation where an applicant receives more
than one job offer. In this case, they will choose to take up one of the positions,
uniformly at random, leaving a vacancy that received at least one job application
without an accepted candidate. If a job offer is rejected, the vacancy simply remains
open until the next time step. Calculating the deterministic approximation of this
offer rejection represents a key contribution of this thesis. Previous labour market
models have not solved this probabilistic and combinatorial problem before. The
calculation is presented in the next section.

Unemployed workers and employed workers in occupation ¢ searching for a new
job have (3, and . balls respectively which they place in the bin of a vacancy in their
chosen occupation j. As before, a ball is selected at random for each vacancy open
in occupation j, represented by a bin. However, if multiple balls from one worker are
selected, the worker randomly chooses an offer to accept. This results in the flow of
workers, Fj;,11, again being a stochastic variable. We will see that, conditional on
the number of offers sent, Fffg 41 follows a multinomial distribution with U;, trials,
FZ(JE) 41 follows a multinomial distribution with AE;; trials, and success probabilities
which we make explicit in the next section.

The governing equations of the full stochastic agent-based model with multiple

applications are the same as given above in (5.1)—(5.3).
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Figure 5.5: Flow chart of the full, extended agent-based model.
transition pathway of a worker. Bottom: transition pathway of a job vacancy.
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5.3.1 Deterministic approximation for large populations

As before, we compute a deterministic approximation for the full agent-based model,
now with workers able to send multiple applications. This adds more complexity to
the stochastic process, Fj; .11, as offers will be rejected, if a worker receives more than
one offer.

We assume that each worker sends their multiple applications to the same
occupation. Therefore, the number of applicants from occupation ¢ to occupation
7 at time t is the same as the number of applications in Section 5.2.1, when workers
only sent one application. That is, for fixed 7, Agﬁ 41 follows a multinomial with U;,
trials and AZ(-;)t 1 follows a multinomial with AE;; trials both with success probabilities

Gij++1 for j € I, and their expectations are given by

agﬁﬂ = Qijt+1Uit, (5.25)

and

Q51 = Mijei1Bir- (5.26)

An unemployed worker sends [, applications and employed workers send [,
applications. Each worker sends their applications uniformly at random to the Vj,
vacancies, therefore, more than one application can be sent to the same vacancy
(for example if fewer than 3, or 3. vacancies are open in the target occupation).?

Therefore, the expected number of applications sent to occupation j is
Sjt+1 = Bu Z az(;)tﬂ + Be Z dz(';)t+1' (5.27)
i i

The number of vacancies that receive at least one application in occupation j,
which depends on the number of vacancies open in occupation j and the total number
of applications sent to occupation j again follows the same occupancy distribution,
that is,

Mj,t+1|(Ut7Vt7Et) ~ Occ (k’.ﬁﬂ = Sj,t+17y = ‘/j,t) . (528)

3While workers typically do not apply for the same vacancy multiple times, we can interpret this
as the effort a worker invests into an application to increase their chances of being accepted.
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Figure 5.6: Offer sending process schematic. FEach square represents an
application sent to occupation j at time ¢ 4+ 1, and each column corresponds to a
worker. Blue squares in the right hand grid are successful applications.

Flow of workers

Unlike in the previous approximation where we use the Taylor expansion, for this
version of the model, using the law of large numbers, we take Agﬁ 4+ and Ag;’)t 41 to
be constant from now on. We omit the full Taylor expansion, instead showing in
Section 5.5.3 that our approximation holds when we drop this assumption on A®
and A(©). So, from here, we assume that dz(ﬁﬂ and agj?m, given by (5.25) and (5.26),
applications are sent by unemployed and employed workers, respectively, and that
S;++1 applications are sent to occupation j at time ¢ + 1, given by (5.27).

Given that we send M,y ~ Occ(x = 5,441,y = Uj,) offers, we need to know
how many unique workers receive at least one offer. Consider a grid as shown in
Figure 5.6. Each square represents an application in §;,1;. Sending My = m
offers corresponds to choosing m squares without replacement. The number of workers
who receive at least one offer corresponds to the number of non-empty columns. If
dﬁll =0, dg-i) 1= 2,8, =5,08. =1 and we send m = 6 offers, then one possibility,
as shown in Figure 5.6, is that Fzgut)Jrl =4 and Fl(]ugﬂ = 0. Two offers are rejected as
workers represented by columns 2 and 5 randomly accept just one of the two offers
they each receive.

To calculate the expected number of workers that receive at least one offer,
consider that, for each unemployed worker, the probability of receiving at least one
offer, is one minus the probability of not receiving any offers. The probability that

an unemployed worker (applying to occupation j) does not receive the first offer is

o P (5.29)

5jt+1

and the probability that this unemployed worker also does not receive the second
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offer is

Bu

1-— —
Sjt+1 — 1

(5.30)

Therefore, the probability that an unemployed worker applying to occupation j does

not receive any of the m offers sent is
m—1
<1 - 5—) , (5:31)
0 Sjt+1 — k

and so, the probability that an unemployed worker applying to occupation j receives

at least one offer is

1— nijl (1 - L) . (5.32)

Sji41—k

Similarly, the probability that an employed worker applying to occupation j receives

at least one offer is

1— ﬁ (1 - B—) . (5.33)

Sjit1 — k

So, with constant Agﬂ 41 and Al(-;)t 41, the expected number of unemployed workers

hired from occupation 7 into occupation j, if M;y1 = m offers are sent, is

m—1
u —(u ﬁu
E(F) | M1 = m) = @y, (1 -1 (1 -, (5.34)

Sitr1 — Kk
k=0 ittt

and for employed workers,
m—1 ,6
E(FS) 0 |Mj =m) =a), (1 - (1 - —>) : (5.35)
0

where 5,41 = 5, >, dgﬁﬂ + B> ELE;’)tH.
Finally, since M;,;; follows the occupancy distribution, the total number of

workers hired from occupation ¢ into occupation j from unemployment and from

85



employment are

Vj,t4+1

fz(]uz‘?+1 = Z E[E(;QH’Mj,tH = m|P(Mj41 = m)

m=1

. (5.36)
S (1-11 (1= ) ot
- diq 1= 1- + gb(m g‘,t+1777‘,t+1) )
; 5,t+1 1 5o — 2 j '
Ujt+1
f Z(Jeiﬂ - Z Em(ﬁ)+1|Mj,t+1 =m|P(M;js1 =m)

m=1

Uj,t+1 m—1 3 (5-37)
—(e) e _ _

with ¢(k|x,y) given by (5.9).

The three governing equations are the same as in the previous section
(5.22)—(5.24) with the new definitions for the expected number of workers flowing
from unemployment and employment in occupation ¢ into employment in occupation
J-

While the probability mass function for the occupancy distribution is
computationally simple, the coefficients can quickly get too large to compute.
Therefore, O’Neill [135] introduces an approximation to the occupancy distribution
to eliminate the need for computing large Sterling’s numbers. However, even
after these are computed, the calculation still risks reaching computational barriers
when calculating the ratios of large integers and the small probabilities in the
tails. O’Neill presents two approximations to overcome these barriers. One is a
recursive algorithm, when the number of bins and balls are known, that uses a
reduced occupancy distribution with one parameter (Occ(x,z)) and a correction
term. The log-probabilities of the reduced occupancy distribution are stored, up
to a known maximum x = N balls and bins, and fetched during the recursion when
needed. The second leverages the normal distribution, to approximate the occupancy
distribution and is most useful when N is too large to practically store the necessary
log-probabilities, or the largest N needed is unknown.

The scaled normal density approzimation to the occupancy distribution is given

by
N(k|piey, 02.,)
> Nkt y, 02 )

where p,, = E(K) and o2, = V(K) for K ~ Occ(klz,y). We use this
normal approximation, following Algorithm 3 from O’Neill [135], throughout our

Occ(k|x,y) ~ (5.38)
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Figure 5.7: Multiple applications toy model unemployment rate. The
aggregate unemployment rate with, and without, multiple applications and on-the-job
search.

remaining analysis, and in Section 5.5.2, we investigate the bias introduced by this

approximation for small values of  and y, and briefly discuss the recursive algorithm.

5.3.2 Toy model

We can set up the same toy model using the Universal 1 scenario to study multiple
applications and show the approximation and full agent-based model simulations. We
set the new parameters to 8, = 5 and . = 2 and show the effect this has on the steady
state in Figure 5.7. We can see that giving unemployed workers five applications,
and employed workers two applications, per time step, reduces the increase in the
aggregate unemployment rate that was caused by adding on-the-job search. This
suggests that the steady state is further dependent on the two new parameters, (3,
and (.. We investigate their impact further in Chapter 6.

As we saw with the on-the-job search toy model, as the total number of workers, L,
increases, each agent-based model run approaches the deterministic approximation,
illustrated in Figure 5.8, and the standard error decreases, as shown in Table 5.3. We
use the scaled normal approximation to the occupancy distribution probability mass
function for all three deterministic approximations. In the case of £ = 500, we see an
oscillation in the approximated unemployment rate, this is because we hit the special
case when min(z,y) = 1, and the normal approximation is most biased. We do not
dwell on this though, as we apply our models to much larger populations, and, in any

case, our approximation relies on the law of large numbers.
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Figure 5.8: Simulations and approximations for the toy model with multiple
applications. Aggregate unemployment rate of the deterministic approximation and
10 runs of the full agent-based model for different values of L.
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L Average standard | RMS difference of ABM | RMS difference of
error average from DA ABM from DA

500 0.365 0.446 1.44

50,000 0.0419 0.0719 0.140

5,000,000 | 0.00390 0.0553 0.0571

Table 5.3: Comparison of average unemployment rate for multiple
applications. Decreasing standard error and root mean squared (RMS) difference
between the agent-based model (ABM) mean and the deterministic approximation
(DA), for different values of L.

5.4 Wage driven dynamics

As well as on-the-job search and multiple applications, we now add wage pressure
into the model. Haltiwanger et al. [28] show that employed workers move to higher
wage jobs more than unemployed workers and Deutscher [29] shows that employed
workers moving job-to-job can increase wage growth, motivating the need to add wage
pressure into the model, especially now that we have on-the-job search.

One way to add wage dynamics would be to assign a wage to each open
vacancy, and subsequently increasing this advertised wage if the vacancy is left
open. This would also require advertised wages to decrease when vacancies are filled
quickly. Adding dynamic wages would require more complex financial modelling
to be incorporated into our model. Real time wages fluctuate with interest rates,
productivity, inflation, technology, and many other mechanisms which are outside
the current scope of our labour market model [141]. When the model is closely
coupled to an external macro-economic model, as well as labour demand, the macro
model could provide dynamic wages, or more economic information so that we can
add these real time wage dynamics.

For now, we include wage driven dynamics in the probability that a worker applies
to a specific vacancy, which now includes a function of the target occupation’s wage,
capturing the propensity for workers to transition to higher wage occupations. The
probability that a worker in occupation i applies to occupation j, previously (3.6), is

now, for some function ;;,

Uty (w) Ay
Gijt+1 = - )
Zl Uz,t%'l (W)Ail

where w; is the median wage of occupation i. Determining ;;(w) is a point for

(5.39)

future work. Some possible forms include, for a worker in occupation ¢ applying to
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occupation j,

Yij(w

) =wj,  Yi(w) = (w; —w;)?, Pi(w) = In(w;).

(5.40)

Adding wages can be interpreted as using a different network with the edges simply

weighted by the ¢ (w) function, therefore, the deterministic approximation holds for

this extension.

In summary, the stochastic agent-based model can be approximated using the

deterministic system of equations below.

all the variables and parameters.

unemployment, and

vacancies, previously (3.33)—(3.35), are now

In Table 5.4, we present a summary of

The three governing equations for employment,

Citr1 = €t — (0u€ir + (1 — 0,)y max {0, Ji,t - D;r,t}) + Z ]Fji,tJrl - Z fu t+19
J J

(5.41)

Uipi1 = Uiy + (04210 + (1 — 8,)ymax {0,d;, — DI ,}) — () (5.42)
i,t+1 it uCi,t u)Y sy et — it U t+1>

ﬁi,t—i-l = @i,t + <5véi,t + (]_ - 5@)7 maXx {O, D:—r,t - Ji,t}) (543)

where fij41 =

- z Fnr
J

f” a1 T fU 141, and f] 41 and f] +1 are the expected flow of workers

from unemployment and employment, respectively, in occupation ¢ at time t to

employment in occupation j at time ¢ + 1 given by

Vi1 [ -1

3

r(u —(u 511, _ _
fi(j,t)—i-l == Z az(j,?‘,—i-l (1 - (1 — ﬁ (b(m|3j7t+1, Uj,tJrl) 3 (544)
m=1 L k=0 Jyt+1 ]
-fT'L(j7'J;2+l
e) Tje+1 [ © m—1 8 .
fijc:t-i-l == Z a’i;,t+1 (1 - (]_ — ﬁ)) ¢(m|§j7t+1, @j,t-l—l) s (545)
m=1 L k=0 7,t+1 ]
fi(;zt+l
with ¢(k|z,y) given by (5.9) and where,
dz(';,z‘,+l = Qijp+1Uit, (5.46)
&§y€)t+1 = Agij, t+léit7 (5.47)
Sj’t+1 BU Z azg t+1 + ﬁe Z a’zg t+1> (548>
v
Qiji+1 = JW( w) A, (5.49)

> b (w )

for some function .
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Main Variables

Description

Ei
Uit

Vit
Other Variables

Number of workers employed in occupation 7 at time t.
Number of workers unemployed at time ¢ which were last
employed in occupation 1.

Number of job vacancies in occupation ¢ at time ¢.

By

Number of workers in occupation i separated from their jobs
at time .

Cit Number of vacancies opened in occupation ¢ at time t.

D, Model’s realised demand in occupation 7 at time ¢

Sijt Number of applications sent by workers in occupation 7 to j

Aijy Number of applicants from occupation ¢ to 7 at time ¢

P;y Probability of any application to occupation j being successful

M; Number of non-empty vacancies in occupation j at time ¢

Fij Flow of workers in occupation ¢ to employment in occupation
7 at time ¢

Qijt Conditional probability that a worker in occupation ¢ applies
to occ j

Duit Occupation-specific conditional probability that a worker of
occupation ¢ is separated.

Du,it Occupation-specific conditional probability that a vacancy of
occupation ¢ opens.

Parameters

Ou Rate at which employed workers are separated due to the
spontaneous process

Oy Rate at which vacancies are opened due to the spontaneous
process

0 Rate at which employed workers and vacancies are separated or
opened due to the market adjusting towards the target demand

T Number of time steps after which an unemployed worker is
considered long-term unemployed

A Adjacency matrix of the input network

Dj’t Target labour demand in occupation ¢ at time ¢

At Duration of time step in units of weeks

A Probability that an employed worker is looking for a job

B Number of applications sent by each unemployed worker per
time step

Be Number of applications sent by each employed worker per time

step (if they are looking for a job)

Table 5.4: Variables and parameters.
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Figure 5.9: Random occupational mobility network for 10 occupations. The
size of the nodes is proportional to the size of initial employment.

5.5 Approximation tests

Having the deterministic approximation of the full, stochastic agent-based model
enables us to quickly analyse the model, investigate parameters, and gain insights into
the effects of many different shocks. In this section, we investigate the relationship
between the full agent-based model and the deterministic approximation. The
toy models above show that the error is linear in £ and that the approximate
aggregate unemployment rate is accurate. To get a better understanding of the error
introduced at individual stages in the model, we compare the full model with the
approximation for some intermediary processes, such as the number of non-empty
vacancies, M; 1. We show that the approximations are reasonable for typical values;
showing qualitatively that the approximation holds, while not formally proving so.
The following tests are for N = 10 occupations and £ = 100,000 workers, with
a random occupational mobility network shown in Figure 5.9. Note that this is the
complete network with non-equal weights. Initial employment is also randomised,
unemployment and vacancies are set to Uy ~ §,Eq = 0.016Ey and Vy, =~ §,Eq =

0.012E,, and wages are all set to 1.
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Figure 5.10: Simulation average for non-empty vacancies. The number of
non-empty vacancies, M, ;41 for (a) 100 runs, and (b) 200 runs of the full agent-based
model with £ = 100,000 and N = 10, and in (c), the approximation error.

5.5.1 Non-empty vacancies

First, we investigate the consistency of the number of non-empty vacancies in each
occupation j with the occupancy distribution M1 ~ Occ(n = 5,441, m = Ujy).

In Figure 5.10, we see the mean of the full agent-based model and the expected
value for the number of non-empty vacancies, m;y1, for 100 and 200 runs of the
agent-based model with A = 0 and 8, = 1. The expectation of the occupancy
distribution, shown with the red circles, closely follows the mean of the full
agent-based model for all 10 occupations. We plot the difference between the
two means in Figure 5.10c for 100, 200, 500, and 1,000 runs, and see that our
approximation error decreases when we increase the number of simulations.

In Figure 5.11, we vary our new model parameters, A\, 3,, and (. to see how they
interact with the mobility network. For Occupations 2—7, the number of non-empty
vacancies does not increase much with the number of applications. This is due to
the network structure; despite having fewer vacancies open, these occupations have
a relatively strong in-degree and so even in the case with the fewest application,
when A\ = 0 and 3, = 1 shown in Figure 5.11a, nearly all open vacancies in these
occupations are filled. Alternatively, in Occupations 0, 1, 8, and 9, the number of

non-empty vacancies increases as more applications are sent.
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Figure 5.11: Effect of )\, 5,, and . on non-empty vacancies. The number of
non-empty vacancies, M, 1.

5.5.2 Accepted job offers

Next, we check that the expected number of job offers that are accepted is indeed
given by the hired workers term in (5.41). The total number of hired workers into

occupation j is
Fiovn =32 Faen =3 Fijla + 3 it (5.50)

In Figure 5.12, we see that the mean over 100 simulations for the number of job
offers accepted in each occupation (and therefore the flow of workers hired into each
occupation) is largely in line with the expected number of job offers accepted given
by ﬁtﬂ. There are no rejected offers when each worker only sends one application,
so the number of job offers accepted when 3, = 1 and . = 1, shown in Figures 5.12a
and 5.12c are the same as the number of non-empty vacancies, shown in Figures 5.11a
and 5.11c. For most occupations, the number of non-empty vacancies increases as the
number of applications increases, as shown in Figure 5.11. However, this increase is
not realised in the number of accepted job offers. Specifically, there is little increase
in the number of accepted job offers for A = 0 and 3, increasing from one to two.
This indicates that in this scenario, most unemployed workers receive an offer when
only sending one application, and so do not much benefit from sending more.

We can see that the error in the approximation for the number of accepted job

offers is greater than the error for non-empty vacancies, particularly for smaller values
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Figure 5.12: Effect of )\, 5,, and . on accepted job offers. The number of
accepted job offers, Fjy.

of the three new parameters. While the error is still minimal, as we saw in the toy
models in both Section 5.2.2 and 5.3.2, we do introduce a further approximation at this
step, the scaled normal density approximation to the occupancy distribution. Even
though using the full occupancy distribution is still impractical, due to computational
restrictions, we can use the recursive algorithm proposed by O’Neill [135] to compute
the exact occupancy distribution to gain insight into the error that this step of the
approximation introduces.

The recursion algorithm given in O’Neill [135] uses the reduced occupancy
distribution where the number of bins and balls are identical. With a single parameter,

the reduced occupancy distribution is

J;I

Occ(k|x) = Oce(k|z, z) = (5.51)

for all integers 1 < k£ < z, and then this scales to get back to the two-parameter

occupancy distribution

Occ(z,y) = Occ(k|x) - m_i : % (5.52)

v (2)k

The two-step algorithm first calculates the log-probabilities up to a given maximum =z,
and then a recursive algorithm computes the mass function. Details of the algorithms
can be found in O’Neill [135].
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Figure 5.13: Effect of occupancy distribution method on the number of job
offers. The number of accepted offers for (a) scaled normal density approximation
to occupancy distribution (5.38), and (b) recursion algorithm using the reduced
occupancy distribution (5.52) for the agent-based model with £ = 100,000 and
N =10, and in (c), the approximation error.

Indeed, when using the reduced occupancy distribution algorithm, we see in
Figure 5.13 that things get better for some occupations, specifically Occupations
3, 4, and 7. However, there are some where there is almost no difference and even
two where the recursive algorithm has a greater error than the normal approximation
(Occupations 6 and 8). This is likely since the normal approximation to the occupancy
distribution allows for non-integer values for the parameters, x and y however, we
have to round 3; to use the recursive algorithm. Because of this, we use the normal

approximation for all cases going forward.

5.5.3 Applicants as constant in multiple applications

The final assumption we investigate in this section is where we take as constant the
number of applicants sent to occupation j in our calculations in Section 5.3, before we
derive the expressions for the expected number of workers moving from occupation ¢
to 7, given in (5.36) and (5.37).

In Figure 5.14, we show the offers accepted in each occupation by unemployed and
employed workers, with the standard error for 10, 100, and 1,000 samples for each

multinomial A

i1 and A(e)ﬂ, forz=0,...,9. We can see that the standard error,

ij,t
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Figure 5.14: Job offers accepted when applications are sampled. The number
of accepted job offers and the standard error of the approximation for 10, 100, and
1,000 samples of the multinomials AEZ?&H and AE;)Hl fori€0,...,9.

even for only 10 samples for each multinomial, is relatively small. The approximated
mean, taking Agﬁ 4+ and Agj)t 1 constant before we calculate Fj;;11, and the sample

mean both follow the mean over 10 runs of the agent-based model closely.

5.6 Conclusions

Both the extended full stochastic agent-based model and the deterministic
approximation are now ready to be used to study further economic transitions. In this
chapter, we introduced on-the-job search, allowed multiple job applications to be sent,
and added a wage driver into the application process in the model. Calculating the
deterministic approximation for such models with multiple applications is a key step
forward in the development of such stochastic labour market models. We leveraged
the Occupancy distribution to calculate the expectation of the conditional processes
related to adding multiple applications into the model.

With these extensions, our labour market model now captures three more
mechanisms, which are important for economic phenomena such as the Beveridge
Curve. There are many more features of the labour market that could be added to

our model, to answer different policy questions, and we discuss these in Chapter 7.
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Chapter 6

Automation case study

This chapter addresses the question:
e How do different job searching intensities affect the unemployment rate?

We illustrate the effect that the three model extensions have on the automation
scenario from del Rio-Chanona et al. [11], using the occupational mobility network
for the US. We include a brief discussion of the survey data used to construct the US
network and then investigate how the unemployment rate outcomes are affected by
changing the new parameters governing the volume on-the-job search and the search
intensity for workers, for both the occupational mobility network, and the complete

network that removes labour mobility frictions.

6.1 US network

The US network is constructed using data from the US Current Population Survey.
This is a monthly survey that identifies households by address, chosen to represent the
US population. Respondents to the CPS are interviewed using 4-8-4 sampling. That
is, they are interviewed for four months, not for eight months, and then interviewed
for a further four months. Respondents are asked to explain their occupation, which
can result in occupation mislabelling. This results in false moves being seen between
occupations that are only due to a change in label of the same job, not a change in
occupation [142]. Cheng and Park [92] use data from the Annual Social and Economic
Supplement (ASEC) which is a yearly supplement to the CPS. Respondents are asked
for their current occupation and also their primary occupation during the past year
at the same interview, potentially resulting in fewer false occupation transitions due
to mislabelling than with the CPS monthly responses. Another benefit of the ASEC

data is that migration is recorded. In the CPS, respondents are chosen by their
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address, so if someone moves house, they are no longer in the survey. In the ASEC,
respondents are asked about their migration status compared to one year ago.

One caveat to using survey data is that recently there has been an increase in
non-response which is a problem in both the CPS and supplement ASEC data [143].
We do use weights for the respondents that take into account this non-response so
this is at least partly accounted for. However, Ward and Edwards [144] also show that
response issues occurred during the COVID-19 pandemic. In March 2020, interviews
were all conducted via telephone instead of being in-person; Ward and Edwards
propose that the increase in non-response is due, in part, to this change. This
non-response is biased towards “an older sample, with fewer racial ethnic minority
respondents, and a greater share of respondents with higher levels of educational
attainment”. They show that person weights were adjusted to “downweight” new
cohorts.

Although we do have to be aware of mislabelling, non-response bias, and the lack
of migration in the CPS, these data are still informative when looking at occupational
mobility. Next we will look in more detail at the two sources of data, before
constructing the US occupational mobility network and investigating the new model

parameters.

6.1.1 CPS v. ASEC

There are about 60,000 households in the CPS per month, and 98,000 households
in the ASEC each year. With the ASEC data, we can only calculate transitions
for workers that have a different OCC (current occupation) and OCCLY (primary
occupation from the last 12 months). In the CPS we sample each household a number
of times per year, so each worker is asked their current occupation multiple times,
which can result in more than one transition. In terms of raw numbers (not using
weights) for 2019 for example, in ASEC, 19,646 respondents changed occupation
with 180,101 unique people interviewed. In CPS, for the whole year of 2019, 47,009
respondents changed occupation in consecutive months that they were in the sample
with 197,638 people interviewed at least twice in 2019.

We generate occupational mobility networks, using 2010 harmonised occupation
codes, for both CPS and ASEC data from 2003 to 2020.'! In Figure 6.1, we can
see the number of edges and total number of transitions for the weighted networks.

Both datasets show a slight decrease in the number of edges (Figure 6.1a) and an

12014 is missing for ASEC due to a one-off survey redesign.
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Figure 6.1: Comparison of occupational mobility networks using CPS and
ASEC data. (a) The number of edges in the networks, and (b) The number of
transitions recorded in each year, i.e. the sum of all the weights in the network for
networks from 2003 to 2020 for CPS and 2003 to 2021, excluding 2014, for ASEC.

increase in the total number of transitions (Figure 6.1b) since 2008. The difference in
magnitude is due to the difference in sampling of occupation moves. In March 2019,
the total weights of respondents in the CPS comes to around 166 billion while the
total weights of respondents in ASEC comes to about 164 billion; the difference in
the networks is due to the sampling of the number of occupation moves.?

Unfortunately, if a respondent in the CPS moves address, they are dropped from
the survey. However, we can use ASEC data to look at migration. Figure 6.2 shows
the variable MIGRATE1 which captures the migration status of each respondent,
compared to one year ago. On average, about 90% of respondents live in the same
home as they did one year ago. Of the roughly 10% who do move house, on average,
15% of these people also change occupation. Therefore, by using the CPS data, we
lose about 1.5% of occupational transitions, made by people who change occupation
but also migrate (and therefore leave the survey).

Given that both the CPS and ASEC data sets have similar limitations, not
having migration in the CPS only loses 1.5% of transitions, and the CPS sample
size is always larger than ASEC, we will use CPS data for the rest of this chapter.
The survey limitations also mean that we cannot construct a regional occupational
mobility network for the US, therefore this chapter is at the occupation-level only.
To construct the US occupational mobility network, we count job transitions that
CPS survey responders made between January 2010 and May 2017. We use the
4-digit level, so N = 464. Let T;; be the number of workers that transitioned from

2The US-BLS states employment in March 2019 was about 157 billion (seasonally adjusted).
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occupation i to occupation j. Then, with T; = > ; 1ij, the probability of a worker
transitioning from occupation 7 to occupation j is
Tij

}%j - ?fr. (6.1)

As we are using survey data, we cannot know if the edges present are all of
the transitions made between pairs of occupations by all workers during this time.
Analysis of this type of network estimation is an active area of research for many
network applications including social networks and many physiological networks. The
methods include using additional information to construction social networks [145],
using a node’s second-order neighbourhood to quantify edge significance [146], and a
rewiring method that can be used to test the significance of network metrics [147].
Statistical testing of the occupational mobility network calculated from incomplete
data would be important to carry out if using the US network in future but is beyond
the scope of this thesis.

Workers finding a new job can also stay in the same occupation. As we discussed
in Section 3.2, the RAIS data gave us data on these self-loops however, when the
occupation code is the same from month-to-month, we cannot know if the place of
employment has changed, or not. Therefore, without any information available to
calculate the weight of the diagonal entries of the US occupational mobility network,
we assume that the probability that a worker stays within their occupation is the same
for all occupations. Let a be the probability that a worker finds a new job in the

same occupation, then the adjacency matrix for the occupational mobility network is

Fy=1" L (6:2)
(1—a)P,; ifi#j.
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Figure 6.3: Histogram of diagonal entries of Brazil’s National Occupational
Mobility Network.

with o = 0.55, calibrated using the annual occupational mobility rate for the US; full
details can be found in [11].

With the RAIS data, we have access to information on workers’ job location and
can therefore count the transitions where a worker changes job but not occupation.
In Figure 6.3, we can see there is variation in the diagonal of the Brazil National
occupational mobility network (visualised in Figure 3.2a). This variation is present
in all occupation groups and among the occupations with the strongest diagonal
are Nutritionists, Professional athletes and sports referees, and Reinforced concrete
frame erectors. These are all specialised occupations where we might expect a strong
diagonal in the network. Given the variation in the diagonal entries of the Brazil
network, in the future, we should endeavour to find data at the occupation level to

calibrate «; individually for each occupation +.

6.2 Demand shock

For illustration of the model extensions, we use the automation shock from the del
Rio-Chanona et al. paper and the sigmoid function explained below.

We assume that the aggregate demand for labour is constant, that is th =Dy =
L, where L is the total number of workers in the model. It has been shown that
unemployment rates are historically quite steady while the number of hours worked
per week is declining. This assumption results in occupations that feel a high level of
demand shock seeing a reduction in target demand and occupations with a low level

of demand shock seeing an increase in target demand.
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Frey and Osborne [148] find a probability of automation for each of the 464
ACS 4-digit occupations. Del Rio-Chanona et al. use this probability as the level of
automation shock felt by each occupation. Practically, the level of shock felt by each
occupation is the proportion of hours worked that are no longer needed post-shock.

We use a sigmoid function to describe labour demand through time. It has
been shown that the adoption of technologies tends to follow a sigmoid curve. We
assume that the shock duration is 30 years, with the majority of the demand changes
happening in the middle 10 years.

Assume that the target demand initial value, Dg, is equal to the steady-state
realised demand of the model and that the realised demand does reach the target
demand, Df. Then, with a half-life of 15 years, del Rio-Chanona et al. impose the

following sigmoid function on demand

ot T

t {dia;O if t < ts, (6 3)
- D;"r*dia;o :
dia;O + 1

s it >t
where ¢, is the time when the shock starts and ¢, is 15 years later.

It is well studied that technological adoption follows an S-curve. [149] Since del
Rio-Chanona et al. model the US automation shock, they assume a sigmoid curve for
the shape of the demand shock in (6.3). This chapter seeks to investigate the impact
of the new model parameters on the aggregate unemployment rate and therefore uses

this sigmoid shock as an example.

6.3 Results

First, we run the full model for 10 simulations and compare the results with the
deterministic approximation. For this illustration, we run the model with the
parameter values for 9, d,, and v taken from del Rio-Chanona et al. and A = 0.001,
B, = 5 and B, = 1. We see in Figure 6.4 that, although there is variation
among simulation runs, as we expect, the average for the 10 runs is close to the
approximation. The large fluctuations we see for fire inspectors is due to the relatively
small size of this occupation. We start with 901 fire inspectors employed, compared to
24,266 medical assistants. The shape of the unemployment rate is due to the demand
shock we impose at the occupation level. Aircraft mechanics have a high probability
of automation (71%) which results in a spike in the unemployment rate but, after
the shock, the unemployment rate returns to almost the same level. Both the fire

inspector and medical assistant occupations see a decrease in their unemployment
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Figure 6.4: Unemployment rate with the approximation and 10 runs of
the full agent-based model. The unemployment rate as a function of time for
the occupational mobility network and the Frey and Osborne automation shock for
A =0.001, B, =5 and B, = 1.

rate during the shock, due to their relatively low probability of automation (26% and
30% respectively). However, the unemployment rate for medical assistants returns to
almost the level seen before the shock and the unemployment rate for fire inspectors

actually decreases.

6.3.1 On-the-job search

As we discussed above, on-the-job search plays an important role in the labour market;
it directly affects the job search of unemployed workers and plays an important role
in the Beveridge Curve. We use the model approximation to efficiently investigate
the parameter \.

In Figure 6.5, we show how the unemployment rate changes when we increase

A. As we expect, setting A = 0 yields the previous results, when only unemployed
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as a function of time for the Frey and Osborne automation shock for varying values
of A\, the probability that an employed worker is looking for a job.

workers could apply for jobs. For the complete network in Figure 6.5a, as we increase
A, the aggregate unemployment rate increases. The shape of the unemployment rate
does not vary much across the different parameters. One explanation for this increase
is the huge disparity between the number of unemployed and employed workers. As
more employed workers enter the job market, there are more applicants for each
vacancy and so unemployed workers face more competition for jobs.

In Figure 6.5b, we see a similar relationship with the occupational mobility
network as in the complete network but the unemployment rate changes shape slightly.
As ) increases, the change in the unemployment rate before and after the reallocation
shock decreases. In the original model, the aggregate unemployment rate changed by
—0.16% (before the shock compared to after the reallocation) and for A = 0.01, this
change is only —0.11%.

6.3.2 Multiple job applications

Now, we investigate the effect of multiple applications, and the parameters 3, and j,.
In Figure 6.6, we see the effect of varying the number of applications each unemployed
worker can send at each time step (with §, = 1) for A = 0 and A = 0.01 with the
complete network. In Figure 6.6a we see a slight increase in the unemployment rate
when unemployed workers send 15 applications per time step. This is a similar effect
to when we increased A\ above, the applicant pool increases causing more friction in
the labour market. In Figure 6.6b we see that when employed workers are also able to
apply for a job (with . = 1), allowing unemployed workers to send more applications

decreases the unemployment rate. In this case, more unemployed workers are being
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applications unemployed workers send.

hired as we increase 3, and keep A and [, constant, as there are more applications
from unemployed workers competing with those from employed workers.

In Figure 6.7, we see the same parameter combinations for the occupational
mobility network. When only unemployed workers send applications, there is no
increase in the unemployment rate as [, increases, as we can see in Figure 6.7a.
In Figure 6.7b, we can see diminishing returns. There is a large decrease in the
unemployment rate when [, increases from 1 to 2 but as we double the number
of applications that unemployed workers send, the effect on the unemployment rate
decreases.

We show here that more applications usually means a lower unemployment rate.
However, at some point, more applications no longer lowers the unemployment rate.
This is especially true in the case of the complete network where the unemployment
rate actually increases as unemployed workers send more applications when A = 0.
This has strong implications for the labour market as some unemployment benefits
are dependent upon workers engaging in job search activities. If taken to the extreme,

this may actually be counter-productive for the aggregate unemployment rate.

6.3.3 Wage driven dynamics

Finally, we can see the effect that adding wage driven dynamics has on the
unemployment rate. We use ¢;;(w) = log(w,;) in (5.39). At the aggregate level,

there is not much difference from the original model when we add wage pressure,
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with 8, = 6. = 1 and A = 0. But if we look at the effect of the automation demand
shock on individual occupations, different patterns emerge.

For the complete network, we can clearly see the effect that adding wage dynamics
has on the individual occupations in Figure 6.8a. Although the magnitude of these
changes is small, they are clearly ordered. As every node has the same degree, only the
wage differentiates the occupations. Adding wages to the model with the complete
network results in occupations with lower wage (the darker dots) feeling a larger
change in unemployment during the demand shock. In Figure 6.8b, the magnitude of
the difference with and without wage dynamics is larger, but so are the raw percentage
changes in the unemployment rate (as shown in del Rio-Chanona et al. [11]). Here,
the pattern that we saw in the complete network has not materialised. We can see
that the occupations with a higher in-degree (the larger dots) manage to counteract
the negative effects of having a low wage, and the occupation with lower in-degree

tend to be negatively affected by the introduction of wage pressure into the model.

6.4 Conclusions

With the application in this chapter, we show that the deterministic approximation
to the agent-based model is accurate with a full occupational mobility network,
and we explore how the new parameters shape model dynamics and influence the
unemployment rate. We investigated the impact of the new parameters with both
the complete network, and the occupational mobility network, providing further

qualitative insights into how they affect the steady state of the model. The focus
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is on understanding the role and interaction of the mew parameters, and as such,
this chapter does not calibrate the new parameters to data, nor seek to provide
quantitative interpretations on the US labour market. Future work could include
network estimation analysis, combining of different shocks such as the digital and
green transitions, and calibrating the new parameters in order to gain quantitative

insights.

108



Chapter 7

Conclusions

In this thesis, we have extended one of the most granular agent-based labour market
models and used it to study two growth pathways for Brazil. The aim of this work
is to understand how labour frictions might interact with the post-carbon transition.
Using a network to capture occupational and regional mobility, we quantify the
unemployment and vacancy impacts of different transition scenarios for Brazil. With
the extensions, the model now better reflects the reality of the labour market, and
with the extended deterministic approximation, the model can still be used practically
with a large number of occupations, and regions.

The main research questions answered in this thesis are the following:

e How do workers transition between regions and occupations in Brazil?
e What modelling approaches can we use to capture these transitions?

e What regions and occupations are at risk of negative labour market impacts of

two growth pathways in Brazil?
e How do those growth pathways impact unemployment and vacancy rates?

e How can the stochastic model framework be extended further to capture more

labour market mechanisms?
e Can we still derive a deterministic approximation for this added complexity?

e How do different job searching intensities affect the unemployment rate?

To answer these, we first discussed the current literature on skills, geography,
and labour networks, as well as the recent success of economic agent-based models
in predicting emergent behaviour. We considered how skills and especially skill
mismatch might affect workers and the economy in a green transition [9, 48]. We

discussed the many different methods for incorporating geography into a labour
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market model, through gravity models, spatial relationships, and worker mobility
networks [100, 66, 35], including work by Fair and Guerrero [35] that generates these
mobility network endogenously for the first time. In sum, these studies point to a
continued need for labour market models that consider mobility frictions and regional
variation for studying the labour market impact of the post-carbon transition. With
this motivation, we discussed both technical and empirical contributions.

The first technical contribution was extending the del Rio-Chanona model in
Chapter 3 to include regional mobility. Using an empirical network to capture the
mobility frictions, the model describes how workers may react to different demand
changes. We discussed the deterministic approximation which allows us to run the
model quickly, for substantial populations and large networks, before showing the
second order effects on unemployment that a regional demand shock could have.

In Chapter 5, we relaxed three simplifying assumptions in the model. Employed
workers can now apply for jobs, workers applying for a new job can send multiple
applications, and wages now influence where workers apply. We took care to discuss
the deterministic approximation of the full stochastic agent-based model with these
new assumptions, to keep the model practical for use with highly granular occupations
and regions. We discussed the error introduced by certain assumptions and the
occupancy distribution approximation, and studied the approximation for different
parameter values.

As we leveraged in this thesis, one of the benefits of agent-based modelling is
the flexibility to add further complexity. Adding regional mobility and relaxing three
modelling assumptions takes our model closer to reality, however, there are still many
more mechanisms that could be added, to answer different research questions. For
example, adding age to workers, and subsequently entry and exit of agents in the
model; these could answer questions around early retirement, or the impact of an
ageing population. Other worker heterogeneity such as gender, education, or skills
could be added, as could dynamic wages as we discussed in Section 5.4.

One limitation of our model is that it relies on the assumption that worker mobility
patterns will be as they have been in recent years. The recent history of worker
transitions is captured by the occupational mobility network and then workers in
the model apply for vacancies according to the probability based on these historic
transitions. These historical transitions are motivated by factors such as the economy;,
wages, and vacancies so in order to make predictions of future occupational mobility,
one could calibrate the model to a network that does not capture these historic

transitions, but instead captures capabilities.
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For the empirical contribution, in Chapter 4, we presented a case study for Brazil.
First, we constructed and visualised the regional occupational mobility network for
Brazil’s labour market. Using a network enabled us to find patterns and structure
in worker transitions. We found that most transitions happen within regions,
particularly for Acre, Rondonia, RSudeste, and Sao Paulo, and that within regions,
transitions happen more between similar occupations. We showed that occupational
mobility is clustered between occupations with similar wages and gender split, as well
as the labour demand change of the scenarios we study.

Our analysis provided quantitative predictions for the unemployment and vacancy
rate impacts of two growth pathways in Brazil. We were able to identify possible
inequalities that an unmanaged productivity increase in Brazil could exacerbate, and
we accounted for labour mobility frictions by using the empirical mobility network. In
future, our model could be used to identify patterns in the labour market impacts that
an economic transition could have on both workers and employers and the framework
in Chapter 4 could be used for any economic scenario with any country’s mobility
network to investigate these impacts. The analysis could be taken a step further by
coupling our model with an external macro model, as we discussed in Section 4.4.
This would allow us to estimate the effect labour frictions could have on different
transition scenarios, by feeding back the labour market model’s realised demand to
the macro model for the next time step.

Finally, in Chapter 6, we presented a case study of an automation demand shock
scenario for a city in the US. We investigated how the new parameters affect the
aggregate unemployment rate, as well as comparing the unemployment outcomes of
this automation scenario with and without mobility frictions. With this, and the
Brazil case study, we illustrate how our model can be used to gain insight into how
labour mobility frictions could interact with different demand shocks, and to identify
occupations and regions where policy makers should focus efforts to mitigate the
negative impact of possible demand shocks.

One limitation of the empirical analysis in this thesis is that data limitations
required us to use the US calibrated parameters throughout. This is appropriate in
Chapter 6 where we study the US, however this should be considered when discussing
the results in Chapter 4. While the qualitative outcomes are robust to the choice of
the model parameters, to provide quality, quantitative estimates would require further

calibration of the parameters.!

'Forthcoming in the paper, on which Chapter 4 is based.
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In sum, we presented a labour market model that captures regional and mobility
frictions, often missed by existing models, with a deterministic approximation which
enables us to model highly granular occupations and large populations. We discussed
different avenues for future work in three main strands; adding further complexity to
the model, coupling with a macroeconomic model, and calibration. We hope that this
model will be used to study the labour market impacts of future economic transitions,

as well as leveraging the approximation for model calibration.
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