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Abstract

This chapter proposes a model to study the effect of differentiated, cognitive skill bi-

ased, technological change on income and wealth inequality. It is one of the first attempts

to combine elements of the "Task-Skill" literature with a heterogenous agent incomplete

market model. The model includes a structural production environment that accounts for

differentiated skill demand on the firm side and multidimensional skill supply on the work-

ers side. Using measures of cognitive and non-cognitive skills from a comprehensive panel

dataset for the UK (Understanding Society), I calibrate the model with appropriate micro-

estimates. The calibrated model manages to capture many of the features of the income

process observed in the data and provides additional features beyond other, more commonly

used approximation techniques. I then use the model to assess the impact of cognitive task

biased technological (CBTC) change due to increased Computer usage in the UK over the

period 1980 - 2016. The model suggests that CBTC can account for the bulk of increases in

labour income inequality observed over that period, and is generally consistent with stylized

facts about changes to wealth inequality.
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1 Introduction

In recent years, economists and laypeople alike have become increasingly focussed on income

and wealth inequality as the defining economic and political issues of our times.1 In Britain,

for example, income and wealth inequality seem to have increased for the last decades (c.f.

Hills et al. (2013), Roine & Waldenstroem (2015)). The general perception is that the two

phenomena do not occur independently, but rather feed of one another: those with high

incomes are able to stash away their earnings in lucrative financial investments or finance

increasingly expensive education for their offspring, leading to increasing concerns about the

implications for intragenerational mobility, equality of opportunity and distributional justice.

Yet despite the connection between the two issues, the complexity of each phenomenon has

so far mostly precluded a unified analysis.

The notion that precautionary savings are a key driver of wealth inequality is a key insight

of the incomplete markets models of the Bewley-Huggett-Aiyagari variety (c.f. Aiyagari

(1994), Bewley (1986), Huggett (1993), Imrohoroglu (1989)). In these models uncertainty

about future income induces individuals to accumulate precautionary savings, leading to an

endogenous distribution of wealth.

In order to remain theoretically simple and computationally feasible, these models tend

to take a certain degree of income inequality as given,2 to produce a given level of wealth

inequality endogenously. Over the last decades these models have become the benchmark

for studying wealth inequality and found numerous applications to different macroeconomic

problems (see Heathcote et al. (2009), or Quadrini & Rios-Rull (2015) for a survey).

On the other side of the literature, economists have worked for the last decades to gen-

erate an understanding of the nature of income inequality, that focusses on the importance

of technological change and the changing supply of skills,3 most aptly summarized by Jan

Tinbergens (1974, 1975) "Race between Education and Technology" (c.f. Acemoglu & Autor

(2011), Katz & Murphy (1992), Goldin & Katz (2007)). Their insights suggest, that incomes

are affected by a complex interplay of the technology driven demand for and the supply of

differentiated skills.

The connection between these two strands of literature should be of interest to econo-
1See for example the huge range of popular books that deal with the subject matter, such as: Atkinson (2015),

Milanovic (2016), Piketty (2013), Stiglitz (2012), and many more.
2Or more precicely, a given distribution of individual income realizations.
3There are of course other prominent explanatory frameworks, such as the majorily trade based Heckscher-

Ohlin model, or models based on political economy chanels (see Vivarelli (2014) for an overview).
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mists studying either phenomenon: If technology generates income inequality, and income

inequality is the main ingredient in the generation of wealth inequality, then the case could

be made that both issues have the same root cause.

Technological change is not without a direction - when Frey & Osborne (2013) published

their report claiming that 50% of jobs were at risk of being automated within a generation,

they attached fairly precise estimates to the automatization probabilities of different occu-

pational groups. Claims such as these are based on the insights of Autor et al. (2003) and

many others, that some work activities lend themselves more readily to being automated

than others. So far the literature has mainly identified so called "routine" tasks - repetitive,

primarily manual work activities - as victims of automatization.4 This Routinization Hy-

pothesis, has somewhat illuminated the long observed trend of "Labour Market Polarization"

(c.f. Goos et al. (2009), (2014), Goos & Manning (2007)), that describes an increase in the

demand for labour in the tail ends of the wage distribution.

Apart from substituting for routine tasks, computer technology also plays a role in com-

plementing complex human activities, increasing the return to analytic skills and increasing

the incomes of highly educated workers.

It is clear from the outset, that technological change has wide ranging effects on the

distribution of incomes in a society - effects that can hardly be captured by any single dis-

tributional parameter. This suggests, that it might be useful to replace log-normal income

processes with more realistic, structural processes, which better capture the complex empiri-

cal reality of income risk (c.f. Bayer & Kuhn (2018), Guvenen et al. (2015), Hubmer (2018)).

Once adequately described, the changes in the distribution of income, due to technological

change can be used as inputs to understanding changes to the distribution of wealth.

The aim of this chapter is to build a model that captures the spirit of this idea and

investigate the question to what extend the rise in income and wealth inequality can be

attributed to the advent of advanced Information and Communication Technologies (ICT)

in the 1980’s. To this end, I insert a technology driven model of income determination, that

is based on the "Skill-Weights-Approach" (Laezar (2009)) into a standard Aiyagari (1994)

model.

In this case income depends on the skill-set and occupation match of a worker while

4 In principle, however any work task is capable of being automated, given suitable technology and economic
incentives, as aptly demonstrated by Acemoglu & Restrepo (2015).
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the returns to skills depend on the supply-demand relationship in general equilibrium. For

simplicity the constituent parts of the income process remain purely exogenous, as in a

standard HIM application, but by taking a step back and modeling the relationship between

the demand and supply of different skills explicitly, the model can shed some light on the

potential effects of differentiated technological change. The aim in this is not to create a

model that perfectly captures the determinants of income, but to add just enough complexity

so that the model can capture the theoretical entities, and still be simple enough to be

calibrated with available data and solved easily with known techniques.

After calibrating a stationary version of the model, using a sample of workers from

the UK’s Understanding Society dataset, I use the model to explore the response of the

endogenous variables to heterogenous technological change, as computers penetrate different

occupational niches at varying rates. In this the model is uniquely suited for the study of

income and wealth inequality dynamics over the short to medium term, as it allows me to

trace the effects of technological change on both variables simultaneously.

The results suggest that increasing adoption of computers and computerized equipment

over the period 1980 − 2016 can account for around 90% of mean wage growth and 80%

of the growth of income inequality. Furthermore the models predictions are in line with

stylized facts about the evolution of wealth inequality. This suggests, that cognitive skill

biased technological change might be a good approach towards explaining the general trend

of increasing income & wealth inequality for a large sample of the working population in the

UK.

1.1 Related Literature

The chapter relates to roughly four different strands of literature:

Firstly, it relates to the literature on technological change in heterogenous agent models:

starting with the seminal work of Krussell & Smith (1998), a large literature has developed

around the notion of aggregate uncertainty in HIM models, which tends to be indicated by

aggregate technology shocks. This chapter studies the effect of a specific type of aggregate

productivity shock: cognitive skill biased technological change. The main methodological

contribution is to provide a working example of heterogenous technological change. As such

it differs from the rest of the literature in two important ways: 1. The aggregate technology

is differentiated, and therefore technological change can have nuanced effects on different
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groups of workers. 2. Technological change is certain and permanent in so far that I place

the emphasis on the transition path to a new equilibrium, rather than a one off shock (c.f.

Rios-Rull (1999)).

Secondly, the chapter relates to the literature on Task Biased Technological Change

(TBTC) (c.f. Acemoglu & Autor (2012), Acemoglu & Restrepo (2015)), in so far that it

embraces the notion that technological change can have different effects depending on an

individuals comparative advantage. Workers are subject to two exogenous forces that de-

termine their idiosyncratic labour productivities: their skill-set and their occupation match.

As the technological environment changes due to cognitive skill biased technological change,

different skill-occupation states become more productive whilst others fail to keep up, lead-

ing to an endogenous increase in wage inequality. Importantly, however the model abstracts

from the endogenous assignment of workers to tasks and instead focusses on the feedback

effect between income inequality, precautionary savings behavior and capital accumulation.

It also contributes to the study of the effects of computerization, by showing that the

increasing return to cognitive skills associated with increased computer usage is suffi cient

to explain the bulk of the growth in income inequality and wage growth since the 1980’s, as

well as some stylized facts about growing wealth inequality.

Thirdly, the chapter contributes to the literature on between- and within group inequal-

ity and labour market polarization (c.f. Angelopoulos et al. (2017), Cortes (2016), Goos &

Manning (2003), Goos et al. (2014), Kambourov & Manovski (2009)), by offering a simple

and attractive framework for studying these topics under different technological change sce-

narios. In the same vein, the chapter extends research into the relationship between changes

to income uncertainty and skill premia (c.f. Heathcote et al. (2010), Guvenen & Kuruscu

(2012), Slavik & Yazici (2018)), by generating meaningful between group wage premia from

a simple technological process. As the model is rooted in the task-skill literature, the re-

sulting group distinctions are occupation based, rather than the more familiar distinctions

based on education, even though some similarities might be inferred. Similarly wage premia

refer to occupation wage premia rather than skill or degree premia. Extending the model to

include these additional distinctions might be an interesting extension.

Fourthly, the chapter contributes to the literature on Task and Skills (c.f. Autor et

al. (2003), Autor (2013), Sanders & Taber (2012)) and in particular the "Skill-Weights"

literature (c.f. Autor & Handel (2013), Laezar (2009)), by providing an alternative way of
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calibrating skill weights using directly observed skill measures.

The "Task-Skill" framework (c.f. Autor et al. (2003), Autor (2013), Sanders & Taber

(2012)), suggests that productivity depends crucially on the match between a workers mul-

tidimensional skill set and their job’s multidimensional skill demand. A lot of recent work

in this area (c.f. Yamaguchi (2012), Guvenen et al. (2017), Lise & Postal-Viney (2017)) has

already shown that this approach can be successfully employed to explain life-cycle income

profiles.

Traditionally, skill weights are calibrated using task survey data, such as is provided by

the US O*Net database. Here I use available measures of skills to infer the return to the

corresponding tasks via econometric analysis. This approach avoids the selection problem,

inherent in models of occupational choice, and provides some evidence for the validity of

common survey based approaches (c.f. Autor & Handel (2013), Bisello (2013), Firpo et al.

(2011), Gathman & Schoenberg (2010), Rohrbach-Schmidt & Tiemann (2013)).

The rest of the chapter is structured as follows: Section 2 presents the production envi-

ronment of the economy and elaborates on the role of differentiated skill supplies & demands;

Section 3 presents the households problem; Section 4 gives the definition of the recursive,

stationary equilibrium; Section 5 provides a simple illustrative example; Section 6 describes

the calibration of the model; Section 7 compares the properties of the model generated

income process with the data and outlines the implications for wealth inequality; Section

8 provides a decomposition of income risk into cognitive and physical skill risk; Section 9

presents the dynamic effects of cognitive skill biased technological change due to increased

computerization & Section 10 concludes.

2 Production Environment

2.1 Representative Firm

There is a representative, competitive firm that produces a single homogenous good (Y )

using a customary Cobb-Douglas production technology using capital (K), as well as labour
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services (L) as inputs:5 6

Y = KαL1−α (1a)

α ∈ (0, 1) (1b)

Labour services L are differentiated and derived from the combination of intermediate

labour services ln, supplied by different occupations, or occupation islands, denoted by

n = {1, .., N}:

L =

N∑
n=1

ln (2)

On these islands, intermediate labour services ln are produced by a weighted linear

combination of a number of general skills (e.g. Manual, Cognitive, Interpersonal, etc.),

denoted by m = {1, ..,M}.7 Snm summarizes the total amount of skill m supplied by workers

on the occupation island n.

ln =

M∑
m=1

λnmS
n
m (3a)

∞ > λnm ≥ 0, ∀m,n (3b)

The occupation islands can be thought of as different departments of the representative

firm, that perform different work activities, each using a specific production technology,

contributing to the production of the homogenous output. The firm has no influence over

the allocation of workers across these departments, but is able to purchase units of skills

directly from each island and pay differentiated wages.

Each occupation n is associated with a set of weights λn = (λn1 , ..., λ
n
M ).8 The weights

λnm indicate how productive the general skill m is in the production process in occupation n.

It has long been argued that different work tasks require different combinations of skills, so

that the same worker might be more or less productive, depending on which work activity

he applies his skill-set to (c.f. Autor et al. (2003), Acemoglu & Autor (2012)).

5Since all aggregate quantities are constant in the stationary equilibrium, time subscripts are omitted in this
part of the exposition.

6There is no aggregate productivity term A in the production function, since all relevant productivity is
contained in the occupation-skill specific productivity parameters.

7 In a sense these skills correspond to the types of "Task Specific Human Capital" in Gathmann & Schonberg
(2010).

8Sometimes I will refer to λ = (λ1, ..., λN ) which denotes the set of all sets of weights.
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For example, an accomplished economist might find himself quite out of his depth, when

he has to apply himself to work that requires less analytic and more manual skills.9 The

non-negativity constraint on the skill weights accounts for the fact that skills cannot have

negative productivities - even though it is possible that some skills contribute very little, or

even nothing to the productivity of an island.

Overall, this approach to labour productivity has sometimes been referred to as the

"Skill Weights Approach" (see Laezar (2009)). The main benefit of this formulation is that

it accounts for the fact that skills are suffi ciently general to be transferred across occupations,

whilst at the same time having different productivities in different occupations.10

Wages are paid per unit of skill and vary across the N occupations and M different

skills, allowing for the possibility, that different skills are differentially rewarded in different

occupations. In particular wnm is the amount paid for 1 unit of skill m from a worker

currently employed in occupation n.

The competitive firm takes prices ({wnm}∀n∀m and r) as given and chooses K which depre-

ciates at rate δ, and the amount of each skill it wants to purchase from each island (Snm) to

maximize profits Σ:

max
K,{Snm}∀n∀m

Σ = Kα

(
N∑
n=1

M∑
m=1

λnmS
n
m

)1−α
− (r + δ)K −

N∑
n=1

M∑
m=1

wnmS
n
m (4)

Taking the derivative wrt. Snm gives:

∂Σ

∂Snm
= (1− α)λnmK

α

(
N∑
n=1

M∑
m=1

λnmS
n
m

)−α
− wnm (5)

Noting that (
N∑
n=1

M∑
m=1

λnmS
n
m

)
=

N∑
n=1

ln = L (6)

and setting the first order condition to 0 gives us the expression for the occupation-skill

specific wage:

wnm =
(1− α)λnmK

α

Lα
(7a)

Which is the familiar wage equation for a Cobb-Douglas production function, scaled by

the skill weight parameter λnm.

9This all reaches back to the seminal work by Roy (1951).
10For example, the transferability of a skill k between two occupations x and y could be expressed by the

euclidian distance |λxk − λ
y
k|. For a more sophisticated approach see e.g. Gathmann & Schoenberg (2010).
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Finally, the first order condition for the demand for capital is the familiar expression:

r = α

(
L

K

)1−α
− δ (8)

2.2 Skill Supply

Time is discrete and denoted by t = 0, 1, 2... . The economy is populated by a continuum of

infinitely lived agents, distributed on the interval I = [0, 1] with measure ζ and total mass

1. Agents are ex ante homogenous and only differ with respect to the history of shocks they

receive. All shocks are exogenous and take one of two forms:

1. Shocks to the skill endowment st that can be interpreted as events that affect a workers

capacity to work in both negative and positive ways. For example a worker who suffered an

accident could have his physical skills greatly reduced, while picking up a stimulating hobby

might increase someone’s mental abilities.

2. Shocks to the workers occupation match nt that are interpreted as occupation tran-

sitions.11

Both types of shocks affect a workers productivity, albeit in differentiated ways.

In traditional treatments of income risk, shocks are typically not separated by their

source, but rather by their persistence (c.f. Meghir & Pistaferri (2011)), if any distinction

is made at all. In this chapter the distinction is made deliberately and serves an important

function. Technological change is thought to occur at the occupation level (c.f. Autor et al.

(2003)) and thus "outside" of the worker. But if all that can be observed is the evolution of

labour income based on the joint movement of skills and occupation matches it is impossible

to identify the contribution of technological change to earnings risk. By separating two

sources of income risk, and calibrating each independently, the model is able to identify

the relevant effects and therefore give a more accurate account of the effect of technological

change on income and wealth inequality.

There are a finite number ofM different skills, each with an associated state space S̃m =

[0, 1]12 . Let us denote the Cartesian product of all these state spaces as: S̃ = S̃1 × ...× S̃M

with associated σ−algebra /̃S.
11The exogeneity of occupation transitions is clearly a strong assumption, however not any stronger than the all

to common assumption of exogenous income processes. There are also many "exogenous" reasons why someone
might change their occupation: neccessitated by a change of location, flights of fancy...
12This is a necessary, but arbitrary normalization. Any finite upper bound on the state space will suffi ce.
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Every period t, a worker i ∈ I independently13 draws a skill endowment st = (s1,t, ..., sM,t) ∈

S̃. In particular I assume that these draws are described by a first order Markov Process,

with Transition Function Ω : S̃ × /̃S ⇒ [0, 1] . Throughout the chapter I assume that this

process has a unique stationary distribution s̄ and impose that all draws are initiated from

this stationary distribution.

The values of the workers skill endowment st summarize his ability to perform different

tasks, with values close to 1 indicating a high proficiency and values closer to 0 indicating low

skills in that area. As st evolves over time, an individual workers abilities change, however

since s̄ is a stationary distribution, the aggregate joint distribution remains unchanged.

The stationarity of s̄ allows us to define the time invariant mean level of skill m across

the population as:

η̄m =

∫
smΩ(ds̄) (9)

Additionally, in every period individuals are assigned to one of the N occupation islands.

For simplicity the process of assignment is taken to be exogenous and follows a Markov

Chain of order one, summarized by the occupation transition matrix Π. Assuming that

Π is irreducible and aperiodic, each stochastic process (n,Π) induces a unique stationary

distribution µ̄ = (µ̄1, ..., µ̄N ) that describes the distribution of workers across the N oc-

cupations.14 Again I assume throughout the chapter that we are always drawing from µ̄

whenever necessary.

Workers supply their skills inelastically on their respective islands. Since the processes

for skills and occupation transitions are independent from one another, it follows, that the

total supply of skill m to occupation n is given by:

Snm = µ̄nη̄m (10)

Which is the proportion of workers on island n multiplied by the mean skill level of skill

m.

This allows us to express equation (3a) as:

ln =

M∑
m=1

λnmµ̄nη̄m (11)

13Skill draws are independent across agents, but may be correlated across time.
14See for example Chapter 3.1 in Miao (2014).
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Noting that µ̄n is constant across all m, we can rewrite this as:

ln = µ̄n

M∑
m=1

λnmη̄m (12)

Finally, summing over allN occupation islands, we derive the expression for the aggregate

measuring labour services:

L =

N∑
n=1

µ̄n

M∑
m=1

λnmη̄m (13)

This suggests that for any given transition matrix Π and skill process (S̃, /̃S,Ω), there exists

a stationary distribution of skills over occupations that pins down the labour supply L

and therefore the prices {wnm}∀n∀m & r, for a given K. Furthermore, since the stationary

distributions implied by Π and (S̃, /̃S,Ω) are unique, then so are the derived quantities and

prices.

The next section describes the choices of the representative household, acting in this

environment.

3 The Households Problem

Households discount the future at rate β ∈ (0, 1) and inelastically supply their entire skill

endowment to the occupation island they are assigned to. In return they receive labour

income ω which they can use to purchase the consumption good c or invest in a safe asset a

that pays the return r. This asset corresponds to capital that is used in production (K) and

the total capital stock of the economy is given by the sum of all savings held by the house-

holds. Households can also use their existing asset stock to finance further consumption, or

take on a limited amount of debt.

Financial markets in this economy are imperfect and individuals face a borrowing limit:

at+1 ≥ −φ (14)

Following Aiyagari (1994) the borrowing limit satisfies:

φ =

 min
[
γ, ω

min

r

]
if r > 0

γ if r ≤ 0

 (15)
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where ωmin represents the worst possible income state.15 In this case ωmin

r
represents the

natural debt limit and γ is an ad hoc debt limit. The natural debt limit is based on the idea

that banks will only lend up to the point where an indebted individual can repay their debt

with certainty, even if they happen to draw the worst possible income realization at every

point in the future. This natural debt limit is derived under the assumption, that the lender

can confiscate all income received by the debtor for purposes of debt repayment. This is

evidently a rather unrealistic assumption and is therefore rarely encountered in applications,

where ad hoc limits are commonly used. However, the reasoning behind the natural debt

limit gives us a strong theoretical reason for the existence of a finite lower bound on assets.

In line with this reasoning, the set of assets is defined as: A = [−φ,∞) with associated

σ−algebra /A.

I assume that the instantaneous utility function u : [0,∞) ⇒ R is bounded, twice con-

tinuously differentiable as well as strictly increasing and strictly concave. Furthermore, it

is assumed that the first derivative of u satisfies limc→∞ uc(c) = 0 and limc→0 uc(c) = ∞

i.e. the marginal utility derived from consumption approaches 0 as consumption approaches

infinity, and vice versa. Finally, I assume that the degree of absolute risk aversion tends to

0 as consumption tends to infinity: limc→∞ inf
(
−ucc

uc
= 0
)
.

These restrictions are typical for both the partial equilibrium income fluctuation litera-

ture (c.f. Miao (2014)) as well as the literature on heterogeneous agents incomplete markets

models with general equilibrium (c.f. Acikgoz (2018), Aiyagari (1994)).

It is well known (c.f. Aiyagari (1994), Chamberlain & Wilson (2000), Miao (2014)), that

any solution to an income fluctuation problem with finite assets must satisfy r <
(
1
β
− 1
)
.

Otherwise the precautionary savings motive overrides the intertemporal substitution motive

and households accumulate an infinite amount of assets. Hence I assume this condition, as

well as 1 + r > 0. The latter condition ensures that households cannot grow rich, by taking

on debt, while it allows for the possibility that the interest rate might be negative. It is

easy to see from the budget constraint, that - if this condition was violated - a household

could increase its consumption in period t+ 1 by taking on debt in period t: For example,

let at < 0 and 1 + r < 0 , then the amount of wealth carried forward to period t + 1 is

15 In our case this would be any state in which the individual has drawn st = (0, ..., 0). In order to avoid issues
with zero income, I define ωmin as the income resulting from draws of st such that an individual that has borrowed
the highest possible amount can maintain nonzero consumption by again borrowing the highest possible amount:
ωmin > rφ. All draws of st that would result in a lower labour income are assigned measure 0 by Ω.
In practice this is not going to be an issue.
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(1 + r)at > 0.

The exogenous state nt describes the occupation that the worker is matched with at time

t and st ∈ S̃ describes the workers skill set at t. Correspondingly nt evolves according to

the occupation transition matrix Π, and st according to the Markov Process (S̃, /̃S,Ω).

The households problem is as follows: Given initial conditions (a0, n0, s0) ∈ A×N × S̃

and taking prices r, {wnm}n∈Nm∈M as given, the typical household chooses sequences of consump-

tion {ct}∞t=1 and assets {at+1}∞t=1 that solve the following sequential utility maximization

problem:

V (a0, n0, s0) = sup
{ct,at+1}∞t=0

E0

{ ∞∑
t=0

βtu(ct)

}
(16a)

subject to the budget constraint:

ct + at+1 = (1 + r)at + ωt (17)

where

ωt =

N∑
n=1

1(n=nt)

M∑
m=1

(wnmsm,t) (18)

is the total labour income derived from working in occupation n at time t. Here 1(n=nt) is

an indicator function, that takes the value 1, if the worker is employed in occupation n at

time t and 0 otherwise.

To rewrite the sequential problem in recursive form, define v(at, nt, st; {wnm}∀n∀m, r) as the

optimum value of the objective function, starting at the joint asset, occupation and skill set

state (at, nt, st). This gives a standard dynamic programming formulation:16

v(at, nt, st) = max
at+1≥−φ

u(ct) + β

N∑
nt+1=1

(∫
v(at+1, nt+1, st+1)Ω(st, dst+1)

)
Π(nt, dnt+1)


(19)

For simplicity I will from now on combine the two exogenous states nt, st into a single

state ψt with associated state space Ψ = (N × S̃) and σ−algebra /Ψ and transition function

Υ : Ψ × /Ψ ⇒ [0, 1] . This single exogenous state now summarizes the workers occupation

match, as well as his skill-set at time t. Let the combined state evolve according to the

following Markov Process (Ψ, /Ψ,Υ). Hence the problem can be stated as:

v(at, ψt) = max
at+1≥−φ

{u(ct) + β

∫
v(at+1, ψt+1)Υ(ψt, dψt+1)} (20)

16Surpressing the dependance on prices for notational simplicity.
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We can apply standard stochastic dynamic programming results (e.g. Theorem 9.8 in

Stokey & Lucas (1989)), to conclude that v(at, ψt) is strictly concave in at and that the

policy functions: C(at, ψt) = ct , G(at, ψt) = at+1 are continuous, single valued functions.

Assumption 9.4 is met because at is part of the real line; 9.5 is met because ψt ∈ Ψ is a

countable set; 9.6 holds because at+1 ∈ [−φ, (1 + r)at +ωt] ; 9.7 holds by assumption; 9.10

holds by the concavity of u(ct) ; and 9.11 holds by the linearity of the budget constraint.

The solution to the problem can be calculated numerically by value function iteration.17

After solving the representative households problem, we can turn to the implied joint

distribution of endogenous and exogenous variables.

Let us define a transition function T [(a, ψ), Â× B̂] : (A×Ψ)× ( /A× /Ψ)⇒ [0, 1] for any

(a, ψ) ∈ Λ, Â ∈ /A and B̂ ∈ /Ψ to be the transition function induced by the policy function

G(at, ψt) and the stochastic process for Ψ, with the following form:18

T [(a, ψ), Â× B̂] =

 Υ(ψ, B̂), if G(at, ψt) ∈ Â

0, otherwise

 (21)

Let χt(Â × B̂) be the distribution of households over the joint state space Λ = A × Ψ

at time t. Through its definition, T provides a law of motion for the evolution of the joint

state χt :

χt+1 = Tχt (22)

Under the assumptions made above,19 Acikgoz (2018) shows that the Markov process on

Λ with transition function T guarantees the existence of a unique, stationary distribution

χ̄(A×Ψ) that satisfies:

χ̄ = T χ̄ (23)

It is further guaranteed, that the expected value of the assets held, using the invariant

17However in the practical application I solve the model with the method of endogenous gridpoints (c.f. Carroll
(2006)).
18See Stokey & Lucas Chapter 9.6 for details.
19Note that this specification implies, that it is possible for the agent to rank each ψt ∈ Ψ as is required for

the proof to go trough: For any ψ̃ ∈ Ψ we can calculate a fixed quantity of labour income via the labour income
equation (18). Applying (18) to all elements of Ψ generates a mapping from the elements of Ψ and the set of

wages {wnm}∀n∀m to a set ωψ̃ that contains all the corresponding labour incomes. Remember, that we have defined
the smallest element of this set ωmin > 0 when discussing the borrowing constraint. Furthermore, given the
assumptions made about Ψ and λ we also know that ωψ̃ has has a finite maximum ωmax, which is all that is
needed.

13



distribution, is continuous in r.

4 General Equilibrium

The law of motion T can be interpreted as describing the evolution of the joint endogenous

and exogenous states of a typical household over time. And as the distribution of states

that are visited by the typical household over an infinitely long period of time. In line with

the literature (c.f. Aiyagari (1994), Ljungqvist & Sargent (2012)) I interpret χt as a cross

sectional distribution of households over the joint state space Λ. In particular I interpret the

measure χt(Â× B̂) as the fraction of households whose asset positions and exogenous states

lie within the set Â× B̂ at time t.

Aggregation over this cross sectional distribution of households follows from a Strong

Law of Large Numbers (Acemoglu & Jensen (2015)). In particular, following the concept

of an aggregator described in Acemoglu & Jensen (2015) individual level uncertainty can be

cancelled out by integrating over the distribution of households. This implies that all aggre-

gate quantities are fixed and therefore non random from the perspective of the individual

household.

In particular the total capital supply is given by:

K =

∫
i∈I

ai,tdi (24)

and the total labour supply by:

L =

N∑
n=1

µ̄n

M∑
m=1

λnmη̄m =

N∑
n=1

µ̄n

M∑
m=1

λnm

∫
i∈I

si,mΩ(ds̄) (25)

Using these stationary quantities, I define a competitive, recursive, stationary equilibrium

as follows:20

A value function v(at, ψt) : Λ ⇒ R, and policy functions C(at, ψt) : Λ ⇒ R+ and

G(at, ψt) : Λ⇒ A; similarly an invariant distribution χ̄(Â× B̂) and a law of motion T ; an

aggregate stock of capital K, a labour aggregate L; a set of wage rates {wnm(K)}n∈Nm∈M and

an interest rate r(K) such that:

20See for example Acikgoz (2018), Ljungqvist & Sargent (2012, ch. 18), Miao (2014, ch. 17).
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1. The representative firm maximizes profits so that the set of {wnm}∀n∀m and r solve

the firms problem (4). Specifically, the set of wages {wnm}∀n∀m solves the equations

described by (7a) and the interest rate r solves (8).

2. Given the aggregate quantities, K and L, and prices r, {wnm}∀n∀m, C and G solve the

households problem (20) and v solves the Bellman equation (20).

3. T is the law of motion induced by G and Υ and χ̄ is the stationary distribution defined

by: χ̄ = T χ̄ .

4. The capital market clears: K =

∫
i∈I

ai,tdi.

Following standard arguments (e.g. Aiyagari (1994)) it can be shown that under the

conditions set out above, a general equilibrium exists for this economy. Uniqueness of the

stationary equilibrium is established in Acikgoz (2018).

5 Simple Example

To aid intuition I will provide a simple example of the productivity process in this section.

Suppose there is only one skill h and two occupations nhigh, nlow differentiated by how in-

tensely they use the skill h. Specifically, nhigh is associated with λhigh and nlow is associated

with λlow. The exogenous occupation transition matrix is given by:

nhigh nlow

nhigh πhh πhl

nlow πlh πll

with an associated stationary distribution µ̄ = (µ̄high, µ̄low).

The skill h can take on two values: hhigh, hlow with transition probabilities:

hhigh hlow

hhigh $hh $hl

hlow $lh $ll

with an associated stationary distribution s̄ = (s̄high, s̄low).

The joint state space Ψ is given by the set

{(λhigh, hhigh), (λhigh, hlow), (λlow, hhigh), (λlow, hlow)} with transition matrix Υ:
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(λhigh, hhigh) (λhigh, hlow) (λlow, hhigh) (λlow, hlow)

(λhigh, hhigh) πhh$hh πhh$hl πhl$hh πhl$hl

(λhigh, hlow) πhh$lh πhh$ll πhl$lh πhl$ll

(λlow, hhigh) πlh$hh πlh$hl πll$hh πll$hl

(λlow, hlow) πlh$lh πlh$ll πll$lh πll$ll

and associated stationary distribution % = (µ̄highs̄high, µ̄highs̄low, µ̄low s̄high, µ̄low s̄low).

The labour supply in the first occupation lhigh is therefore given by:

lhigh =
((
µ̄highs̄high ∗ λhigh ∗ hhigh

)
+
(
µ̄highs̄low ∗ λhigh ∗ hlow

))

with llow similarly defined:

llow =
((
µ̄low s̄high ∗ λlow ∗ hhigh

)
+
(
µ̄low s̄low ∗ λlow ∗ hlow

))

Total labour supply is given by:

L = lhigh + llow (26)

Given L one can easily derive the set of occupation specific wage rates whigh and wlow

for any value of the aggregate capital stock K:

whigh =
(1− α)λhighKα

Lα
(27)

wlow =
(1− α)λlowKα

Lα
(28)

Taking these as given the worker knows his labour income in each of the 4 states ψ ∈ Ψ.

Taking these as given one can solve the typical households problem and the rest of the model

in the familiar fashion.

After illustrating how the aggregate Labour Supply is derived in this setting let us turn to

the properties of the implied income process. By comparing the structural income process

defined by the model with a reduced form version, I will highlight some of the benefits

derived from thinking about the structure of income determination in the given task-skill

framework. Most HIM models can be calibrated using information about the persistence and
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unconditional variance of income. For simplicity, I will focus on the unconditional variance,

but similar arguments can be made using the persistence.

Average labour income in this economy is given by:

E(ω) =

 (µ̄highs̄highwhighhhigh) + (µ̄highs̄lowwhighhlow)

+(µ̄low s̄highwlowhhigh) + (µ̄low s̄lowwlowhlow)

 (29)

The variance of labour income is given by:

V ar(ω) =

 µ̄highs̄high ∗ (whighhhigh)2 + µ̄highs̄low ∗ (whighhlow)2

+µ̄low s̄high ∗ (wlowhhigh)2 + µ̄low s̄low ∗ (wlowhlow)2

− E(ω)2 (30)

Now suppose that the econometrician is unable to observe changes to an individuals

skill-set or occupation match, but instead only observes total labour income y = w ∗ h in

the 4 different income states. Denote these states (in order of appearance above) by y1, .., y4

and p11, ..., p44 as the associated transition probabilities between the states.21

Together, y = {y1, .., y4} and the transition matrix P defined by p11, ..., p44 describe a

reduced form income process that will be familiar from many standard HIM applications

that utilize discrete state Markov chain approximations to autoregressive income processes

(c.f. Aiyagari (1994), Rouwenhorst (1995), Tauchen (1986)).

In particular, letting p̄n denote the unconditional probability of being in income state

n = {1, .., 4}.

Average labour income given by the reduced form approach is:

E(y) = (p̄1y1 + p̄2y2 + p̄3y3 + p̄4y4) (31)

And the variance is given by:

V ar(y) =
(
p̄1y

2
1 + p̄2y

2
2 + p̄3y

2
3 + p̄4y

2
4

)
− E(y)2 (32)

Comparing equation (29) with (31) and (30) with (32) we can spot the problem, that

this approach is trying to address. If we are able to observe the reduced from labour

income states, we should expect both approaches to deliver the same results. However, if we

were trying to anticipate changes to the two moments of the income distribution, we would

21Every p is a combination of π and $.
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struggle to find a solid basis for changes to the parameters of reduced form income process.

Without grounding the determinants of income in any structural relationship, forecasting

the evolution of any moment of the income distribution will involve a degree of arbitrariness.

Focussing on the determination of labour income through y = w(λ) ∗ h22 we can see

that changes to observed labour income y can be driven by both, technological factors - as

embodied in w(λ) - and changes in the distribution of human capital. The former effect

might be dominant throughout a period of rapid technological change, whilst the latter

could be the driving force after a major educational reform.

The same can be said of the transitions between the different income states p = π ∗$

where π might represent structural behavior in the labour market and $ the speed at which

individuals change their skill-set. In both cases the two principal actors of Tinbergen’s race

interact to produce one indivisible outcome.

The rest of the chapter essentially focusses on addressing this issue. Exploiting the fact

that the structural and reduced from income processes should produce the same results, I

am able to calibrate the structural model with observable data. Then I can use changes

to the structural environment to generate changes in the income process that are based

in popular theories on technological change in order to observe the effects on income and

wealth inequality.

The next section describes the calibration of the structural model in a stationary envi-

ronment, setting the stage for the policy experiments in the following sections.

6 Calibration

6.1 Introduction

I calibrate a stationary version of the model using data from 8 waves of the Understanding

Society (USoc.) survey, covering the years 2009 - 2018. Unless differently stated the analysis

focuses on white British males, aged between 25 and 55, who are employed for a number of

consecutive periods.23

The sample is selected to represent the closest approximation to a truly competitive

labour market, in which observed pay is most closely related to actual productivity. This is

22Here I made the dependence of w on λ explicit.
23So if I observe some individual as employed for a number of periods who becomes unemployed after a certain

period I drop all further observations on this individual.
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in line with much of the literature on labour market outcomes. As a measure of income I

use the usual net pay per month in the current job, deflated by the CPI. In order to avoid

issues with top (bottom) coded incomes I trim the top and bottom 0.5% in terms of labour

income.24 As any survey, Understanding Society contains a number of accidental errors

that occur along the way from interview to finished dataset. For example in a number of

individuals are reported to earn $1 per month which can be safely attributed to data error.

By removing the worst outliers I ensure that the estimates are not disturbed by too much

random noise.

6.2 Skill Measures & Processes

For this application I limit myself to two types of general skills: Cognitive and Physical.25

These can be seen as embodiments of the two pillars of human capital theory, with the former

representing intellectual capacity, and the latter bodily health and physical ability. Apart

from this, the distinction between analytic and manual tasks has long been at the heart of

the literature on task-biased technological change (c.f. Autor et al. (2003)). In line with

the Task-Skill framework, I suggest that cognitive skills will be applied to cognitive tasks

- i.e. there is a skill Cognitive amongst the M = 2 skill types, and a set of corresponding

cognitive skill weights:
{
λnCog

}N
n=1
∈ λ . And similarly for Physical skills.

Using test scores for a variety of numerical and verbal intelligence tests in wave 3 of

the USoc, I generate a composite measure of cognitive ability by performing a Principal

Component Analysis and selecting the first principal component. The method here follows

Whitley et al. (2016), who use the same survey to study the effect of aging on cognitive

decline.26

The USoc surveys also include the SF-12 Physical Component Summary (PCS) Index,

which is a composite index evaluating the physical health of an individual (c.f. Ware et al.

(2001)).27 This is a self completed questionnaire that encompasses 12 questions regarding

different aspects of physical health and fitness. The PCS score is then derived from the an-

24Choosing 0.25% as cutoffs does not significantly alter the results. As does not excluding any observations.
25At this point it appears useful to remind ourselves, that there a many possible ways of dividing the complex

manifold of Tasks and Skills. One could have split the workers into "skilled" and "unskilled" workers, potentially
employing some sort of educational qualification as dividing characteristic. Alternatively one could have employed
the complex-routine/manual-cognitive distinction first used by (Autor et al. (2003)). Ultimately the final choice
comes down to preference and data availability.
26For more information on this procedure see the Appendix.
27Guvenen et al. (2017) use this index to proxy physical ability.
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swers, providing a summary statistic rating the respondents health. For lack of alternatives

I take this as a proxy for an individuals physical ability (c.f. Lise & Postal-Viney (2017)).

I standardize both scores on the interval [0,1] in order to make them comparable.

The cross sectional correlation between both measures is around 0.10, so I believe that

I am justified in treating both processes as independent.

For simplicity the evolution of both skills are defined as stationary AR(1) processes in

logarithms:

log(sm,t+1) = ρm log(sm,t) + εmt+1 (33a)

|ρm| < 1 (33b)

εmt ∼ N(0, σ2m) (33c)

Their calibration will provide an important part of the income dynamics faced by the work-

ers. I use the availability of multiple measures of the SF-12 PCS in the data (the test is

completed every year) to estimate the following regression equation:

log(sPhyt+1 ) = ρPhy log(sPhyt ) + εPhyt+1 (34a)

εPhyt ∼ N(0, σ2Phy) (34b)

Unfortunately a similar approach is not possible for the measure of cognitive ability, since

I only have a single observation per individual.28 I therefore, chose the relevant parameters

to match key moments in the data.29

The table below summarizes the relevant parameters:

Cognitive Physical

η 0.681 0.685
ρ 0.867+ 0.909
σε 0.245+ 0.154

+ calibrated

Table 1: Skill Processes
28According to USoc, another cognitive skills test is planned in wave 9, which might provide a possibility for

checking the validity of my calibration.
29The target moments are provided by targeting the reduced form log-normal income process in the data,

namely the persistence of the AR(1) process, the standard deviation of innovations and the standard deviation of
log(Income). For the calibration procedure, see Appendix.
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The pattern that emerges from these values seems reasonably intuitive. Both processes

have a high level of persistence with a standard deviation of innovations between 15 and

25%. Unfortunately there is - to the best of my knowledge - no study that approaches the

evolution of skills in a similar manner, and therefore it is impossible to verify whether these

calibrations are reasonable. The closest comparison study might be Huggett et al. (2011)

who estimate a standard deviation of shocks to human capital of around 11%. Since shocks

to human capital in this model are composed of shocks to either skills, as well as occupation

transitions, the values do not seem too far off the mark.

For the computational implementation I approximate each (33a) by a 5 state discrete

Markov Chain using the Rouwenhorst (1995) method.30

6.3 Skill Weights

I now explain how to recover the skill weights λ from the data. Many recent papers attempt

to estimate the return to specific work activities - usually referred to as "task returns",

which play a similar role as the skill weights referred to here - by using survey information

on the importance of certain work tasks (c.f. Autor & Handel (2013), Baumgarten et al.

(2013), Firpo et al. (2011)). These approaches usually have to deal with selection bias,

where individuals with high unobserved ability in certain tasks, sort into occupations where

this task is used very intensely according to a Roy framework (c.f. Autor & Handel (2013),

Firpo et al. (2011), Roys & Taber (2016)). This means that if skill levels are unobserved,

estimated task returns will be biased upwards under positive sorting. The main benefit of

the route take here is that skills are observed and can thus be controlled for.31

Recall that an individual i, in occupation n earns labour income ωi,n32 equal to:

ωi,n =

M∑
m=1

(wnmsi,m) (35)

substituting the wage equation (7a) into this equation gives:

ωi,n =

M∑
m=1

(
(1− α)λnmK

α

Lα

)
si,m (36)

noting that some of these terms are invariant across all m we can rewrite this equation as:

30The discretization error resulting from this procedure is of the order of 5%.
31Regressing wages on skills is the procedure suggested by Autor (2013).
32For expositional clarity, I make the dependance of income on the occupation match n explicit.
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ωi,n =

(1− α)

(
K

L

)α
︸ ︷︷ ︸
common

M∑
m=1

λnmsi,m︸ ︷︷ ︸
individual

(37)

It is easy to see that the above equation can be split into a common part (1−α)
(
K
L

)α
that

is constant across all individuals in the economy, and a worker specific part
∑M
m=1 λ

n
msi,m

that depends on the workers individual skill-set and occupation match.

Our estimation will focus on the individual specific part. For the econometric specifi-

cation I will treat the common part as a constant Ξ = (1 − α)
(
K
L

)α
that multiplies each

λnm ∈ λ. Hence I will redefine the skill weights to include the level information included in

the common constant:

λ̃nm = Ξ ∗ λnm (38)

Using this transformation we derive the following expression:

ωi,n =

M∑
m=1

λ̃nmsi,m (39)

Since ωi,n and si,m are observed in the data, I can estimate (39) for a given n, and obtain

estimates of λ̃n as the coeffi cients of a simple OLS regression. Furthermore I can pool all n

and use dummy variables to estimate the whole set of λ̃ jointly:

ωi,n =

N∑
n=1

{
Dn

M∑
m=1

λ̃nmsi,m

}
(40)

Here Dn is an occupation dummy that is equal to 1 if the individual is employed in oc-

cupation n and zero otherwise. I obtain estimates of the rescaled skill weights λ̃nm as the

coeffi cients of the measured skills si,m interacted with the occupation dummies Dn. This

econometric strategy draws on Deming (2017) and Gensowski (2017) who investigate the

return to different skills using similar reduced form specifications.

The results of this regression for all 9 major SOC2000 occupations are reported below:
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Labour Income

Managers X Cognitive Skills 2136.867∗∗∗

(237.272)
Professionals X Cognitive Skills 2012.366∗∗∗

(305.273)
Associate Professional X Cognitive Skills 2169.107∗∗∗

(242.370)
Administrative X Cognitive Skills 1635.570∗∗∗

(259.414)
Skilled Trades X Cognitive Skills 1358.362∗∗∗

(207.406)
Personal Services X Cognitive Skills 1096.985∗∗∗

(308.619)
Sales X Cognitive Skills 1407.666∗∗∗

(334.081)
Plant & Machine Operatives X Cognitive Skills 1338.344∗∗∗

(159.251)
Misc X Cognitive Skills 998.316∗∗∗

(148.150)
Managers X Physical Skills 1327.115∗∗∗

(239.439)
Professionals X Physical Skills 1416.625∗∗∗

(314.107)
Associate Professional X Physical Skills 799.192∗∗∗

(241.528)
Administrative X Physical Skills 814.155∗∗

(261.155)
Skilled Trades X Physical Skillsl 1336.246∗∗∗

(194.737)
Personal Services X Physical Skills 1072.406∗∗∗

(296.482)
Sales X Physical Skills 530.833

(288.284)
Plant & Machine Operatives X Physical Skills 1254.784∗∗∗

(146.051)
Misc X Physical Skills 1109.200∗∗∗

(134.661)
R-squared 0.878
N 4393
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 2: Skill Weights Regression - Major SOC2000 Occupations
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In order to reduce the number of variables, I separate the 9 major occupational groups

into three larger occupation clusters. For this I run a hierarchical clustering algorithm on

the skill weights obtained from this initial regression. The clustering algorithm groups the

occupations according to their similarity with respect to the estimated skill weights. The

resulting clusters33 loosely represent some of the key worker types in the skill and task biased

technological change literature:

(1) Managers, Professionals & Associate Professionals, representing traditional high

skilled occupations that are intensive in complex analytic tasks.

(2) Administrative & Sales occupations, represent middle to low skilled occupations with

a focus on routine cognitive tasks.

Finally (3), Skilled Trades, Personal Services, Plant & Machine Operatives & Miscella-

neous occupations, cover workers that work in manual tasks.34

The clear interpretability of the different clusters already suggests, that the occupation

specific skill weights λ̃n that I have obtained from the regression pick up information about

the structural differences between the different occupations. To analyze this further, I repeat

the regression analysis with the reduced set of occupations.

Labour Income

Managers & Professionals X Cognitive Skills 2134.534∗∗∗

(151.876)
Admin & Sales X Cognitive Skills 1692.235∗∗∗

(214.909)
Skilled Workers, Services, Operatives & Misc X Cognitive Skills 1273.780∗∗∗

(97.094)
Managers & Professionals X Physical Skills 1172.172∗∗∗

(153.777)
Admin & Sales X Physical Skills 593.662∗∗

(207.421)
Skilled Trades, Services, Operatives & Misc X Physical Skills 1217.692∗∗∗

(89.798)
R-squared 0.873
N 4393
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 3: Skill Weights Regression - Occupation Clusters

33 I use single linkage, average linkage and Ward’s linkage, all of which result in the reported clustering.
34 In order to save space I will sometimes refer to these groups by abbreviations; e.g. "Admin" for "Adminis-

trative & Sales".
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The regression table shows clear, discernible differences in the returns to cognitive and

physical skills across the three occupation clusters. In order to aid further interpretation, I

rescale the estimated skill weights, so that the implied total labour supply is standardized

to 1. The results are shown below:

Managers & Professionals Admin & Sales Trades, Services, Operators & Misc.

λCognitive 1.04 0.82 0.62
λPhysical 0.57 0.29 0.59
λCognitive

λPhysical
1.82 2.85 1.05

Table 4: Standardized Skill Weights

Taken at face value the results are quite revealing by themselves: Cognitive skills seem

to be associated with higher productivities through the board, with a reasonable ranking

of the cognitive skill weights across the different occupations. Managers, Professionals and

Associate Professionals tend to have higher returns to their cognitive skills than the other oc-

cupations, with Skilled Workers, Services, Machine Operators & Misc. exhibiting a sizeable

40% gap to the Managers & Professionals group.

Curiously Managers, Professionals and Associate Professionals also have relatively high

returns to Physical skills, which however might reflect some higher general level of productiv-

ity that is unobserved. My preferred interpretation of this observation is that Physical skills

are less proxies for physical strength, and more indicative of stamina and resilience. Given

that many managerial and professional occupations can be very demanding and stressful, it

should not be surprising that the returns to physical health are high.

Setting this issue aside for the moment, I also confirm that Skilled workers have high

returns to Physical skills - in particular when compared to their cognitive returns. Admin-

istrative & Services meanwhile have the lowest returns to Physical skills both in absolute

and in relative terms.

The ratio of the cognitive and the physical skill weight, provides us with an indication

about the degree of skill risk faced by each occupation: Since skill shocks are independent,

occupations with a high ratio are much more exposed to fluctuations in labour income due to

high or low realizations of the cognitive skill component. Administrative and Sales workers

for example seem to be very specialized in cognitive tasks, with a skill weight over three
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times higher than the physical skill weight. This implies that they are much more exposed

to changes in their cognitive skills and, correspondingly face higher within group income

inequality. This stands in stark contrast to the more balanced Skilled worker types, whose

occupations place about the same weight onto both types of work activities. Correspondingly

we should expect these to be less exposed to income risk due to skill fluctuations, and also

exhibit lower within group income inequality.

Overall the results seem to confirm a picture where the returns to different skills are

differentiated across different occupations, with a somewhat clear pattern of task specializa-

tion.

6.4 Occupation Transitions

I estimate the yearly35 job-to-job transition probabilities from the data.

Managers Admin Trades

Managers 97.92 0.79 1.29
Admin 8.21 88.12 3.67
Trades 2.92 0.86 96.22
Total 58.22 9.39 32.39

Table 5: Cluster Transition Probabilities (Percentages)

As can be seen from the estimated occupation transition matrix, transitions between

occupational clusters are relatively rare. Even for the Administrative & Sales cluster, the

probability to stay in the same cluster year by year is 88%. The low turnover can probably

be attributed to two factors:

1. It is well known, that individuals are more likely to change their occupation after an

unemployment spell (c.f. Carrillo-Tudela et al. (2016)), however I have excluded unemployed

individuals from the sample.

2. Gathmann & Schoenberg (2010) show, that occupation transitions are more likely to

occur between occupations that have similar task content. Since the occupational clusters

have been constructed based on similarity of task content, it is very likely that the level

of aggregation masks occupation transitions occurring between the component occupational

groups of each cluster.

35Technically these are wave - wave transitions, but in practice these almost perfectly line up as USoc tries to
interview with a yearly rythm.
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6.5 Other Parameters

I set the functional form of the utility function to CRRA and calibrate the coeffi cient of rel-

ative risk aversion κ = 2, and the time preference β = 0.975, which yields a risk free interest

rate of 2.56%. In line with most calibrations I set α = 0.36 and the rate of depreciation to

δ = 0.1. I set the ad hoc borrowing limit γ = 0. For the final calibration I standardize the

occupation specific productivities so that the total Labour Supply is equal to 1.

7 The Stationary Model

7.1 Income - Overall Sample

Since the aim of this model is to put some structure on the earnings process, it will be

important to evaluate the model generated income process against the dynamics found in

the data. As a benchmark, I use a reduced form earnings process of the form:

log(yi,t+1) = κ log(yi,t) + εi,t+1 (41a)

|κ| < 1 (41b)

εi,t ∼ N(0, σ2ε) (41c)

I estimate the parameters for κ and σε from the USoc data and use them to calibrate the

productivity process in the model. After solving the model I simulate 5000 individual labour

market histories, each for 40 periods in order to obtain the relevant parameter estimates.

The table below shows the estimated parameters of the income process for the data and the

models:

κ σε σy Gini Mean
Median

Data 0.882 0.155 0.399 0.23 1.09
Model 0.879 0.173 0.388 0.22 1.09

Table 6: Income Process

Comparing the parameter estimates from the model with the ones from the data imme-

diately highlights what a good job the model does at reproducing the patterns in the data.

The persistence and the standard deviation of income idiosyncratic income shocks are fairly

well matched. Across the cross sectional dimension, the model matches the data closely.
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7.2 Income - Within and between Occupations

A main advantage of the model is that we can attribute meaningful interpretations to the

different productivity states: namely, they correspond to employment in different occupa-

tions. Within- and between occupation income inequality has recently become a topic of

interest for macroeconomists (c.f. Kambourov & Manovski (2009)). The following table

compares the within- and between occupation income inequality produced by the model

with that observed in the data.36

ȳData ȳModel ȳData − ȳModel
σyData

σyModel
GiniData GiniModel

Managers 0.16 0.13 0.03 1.04 0.20 0.20
Admin -0.23 -0.24 0.02 0.86 0.20 0.23
Trades -0.19 -0.14 -0.05 1.02 0.19 0.18

Table 7: Between and Within Occupation Income Inequality

It can be seen that the model is able to capture the relative ranking of the different

occupations by their mean income fairly well and does a decent job at capturing some of

the between group inequality observed in the data. It only slightly overshoots with respect

to the mean income of the Skilled, Services, Operatives & Misc. cluster.

Further, the model does a decent job with respect to within group inequality, both

measured by the within group standard deviation of y as well as the Gini coeffi cient. In

general, however the between group inequality tends to be between a little higher in the data

than what the model can reproduce. This should not be too surprising, as the model does

not allow for selection into preferred occupations, or account for any source of ex ante skill

heterogeneity. Nonetheless, the model produces a surprisingly accurate picture of between-

and within occupation income inequality, suggesting that the model has some merit.37

7.3 Assets

Having established that the model is able to reproduce important features of the data with

respect to the income process, let us turn to the quantitative predictions of the model with

respect to assets. Unfortunately, the USoc. survey does not contain much information on

36Here y is the logarithm of income. A bar indicates the average.
37 In particular when one consideres that these moments were not directly targeted by the calibration.
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Model Standard Aiyagari WAS*
Mean Gini Mean Gini Mean Gini

Overall 1 0.51 1.03 0.50 1** 0.62

Managers 1.14 0.50 - - 1.41 0.57
Admin 0.81 0.58 - - 0.75 0.66
Trades 0.73 0.58 - - 0.53 0.63

* total personal wealth ** standardized to allow relative group comparisions

Table 8: Wealth Inequality

asset holdings, so that a comparison with the empirical distribution is not possible. Instead

I compare the results to some measures of wealth inequality derived from the Wealth and

Assets (WAS) survey,38 as well as a standard Aiyagari (1994) model that has been calibrated

using a 12 state discrete Markov chain representation of the income process (41a).39 This

has long been an established approach in the literature, and should provide us with a solid

comparison for the model’s predictions.

The table below summarizes some important features of the asset distribution implied

by the model, the WAS, as well as the baseline Aiyagari:

Quantitatively the predictions borne out by the baseline Aiyagari model and the one

with skills and occupations appear to be quite similar. There appears to be a slightly higher

level of savings - and conversely lower level of wealth inequality - in the baseline model, but

the differences are only minor. It is reassuring to see the similarity between both models,

as it suggests that the model does not generate any "unusual" asset dynamics.

Overall it is notable that the implied wealth inequality is far below empirical estimates.

This is particularly evident when looking at the values of the Gini coeffi cient: the values

here range around 0.5, whilst the empirical esimate is 0.62. It is important to emphasize

that this is potentially due to the fact that the income process does not take into account

all sources of income variation, but rather focusses on income inequality due to differences

in human capital. However, the model does a decent job at capturing the between and

within group wealth inequalities, even though it doesn’t quite reproduce quite so extreme

disparities, as the WAS suggests. Managers hold, on average about 50% more wealth than

the other occupational groups, which have a similar level of mean wealth. Conversely, within

group wealth inequality is about 8 Gini points higher within the latter two groups.

38Waves 3 & 4.
39For this approximation I use Rouwenhorst (1995).
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The graph below shows the stationary distribution of assets. As expected, the patterns

described by both models are almost indistinguishable. The takeaway from this exercise is

that the models implications for wealth inequality are very close to those obtained from the

standard model. Having established the properties of the stationary model, I will use it to

perform several pieces of policy relevant analysis in the following sections.
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8 Income Risk Decomposition

The key difference between the economic model presented in the last sections and the stan-

dard Aiyagari (1994) model, is that the former decomposes the variation of an individual

workers income into two parts: 1. Variation in the amount of skills that the worker can

supply, and 2. Changes in the demand for the skills of the individual worker due to occupa-

tional transitions. Both aspects are relevant to understanding income fluctuations, but are

representing fundamentally different parts of economic life.

In the following section I will utilize this decomposition, to analyze the effect of each

aspect on wealth & consumption inequality.

The skill supply in this model is governed by the autoregressive skill process (33a), which

determines the stock of cognitive and physical skills available to the individual worker. My

preferred interpretation is, that shocks to the individual’s skillset represent life events that

are at least somewhat exogenous. This is quite evident with respect to physical skills, where

accidents and illness might play the role of exogenous shocks, but similarly a sudden training

opportunity might be reflected in a positive cognitive skill shock.

Adopting this interpretation, the standard deviation of skill shocks becomes a measure

of inequality of opportunity. A high spread of shocks to physical skills for example suggests

that some individuals have better access to healthcare facilities than others, whilst a low

spread of innovations to cognitive skills would e.g. suggest and approximately equitable

distribution of educational opportunities.

Similarly, the set of skill weights, summarizes the productivity (and thus demand for)

differentiated skills. As technology evolves these values are liable to change, posing a source

of considerable risk for workers, who might find that their skills are no longer in demand.40

To assess the differentiated impact of these different sources of risk might be of interest

to a variety of policymakers, and being able to provide an analysis at this disaggregated

level is one of the key advantages of the model presented here.

In particular, a government might try to enact legislation in order to affect the risk

posed by these different channels. These could be reforms to the healthcare of educational

system, acting as insurance against physical and cognitive shocks respectively. Similarly, a

government might try to encourage some type of technological progress, by imposing suitable

40More on this topic in the next section.
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regulations on different industries,41 thereby affecting the demand for different skills.

The structure of the model provides an opportunity, to evaluate the the impact of these

different policies on the mean and distribution of income, consumption and wealth.

The following tables present a set of comparative statics exercises, investigating the

effect of changes to the risk posed by cognitive and physical skill shocks, as well as changing

technological demands.

Holding all other parameters constant, I vary the size of σCog, σPhy, λCog & λPhy and

solve the model for each specification, obtaining the stationary distribution of labour income,

wealth & consumption in each case. I assume, that the ceteris paribus assumption will hold

in the short to medium run and that the approximation is accurate close to the calibrated

stationary model.42

The values reported in the tables are elasticities, calculated as the percentage change of

the level of the variable of interest, relative to its baseline value, divided by a percentage

change in risk.

Labour Income

Mean Inequality

σCog σPhy λCog λPhy σCog σPhy λCog λPhy

Overall 0.22 0.07 0.68 0.39 0.71 0.14 0.25 -0.11

Managers 0.23 0.07 0.71 0.36 0.86 0.13 0.25 -0.11
Admin 0.25 0.05 0.79 0.26 0.92 0.05 0.20 -0.14
Trades 0.20 0.08 0.58 0.51 0.68 0.33 0.29 0.05

Table 9: Risk Elasticities - Labour Income

Consumption

Mean Inequality

σCog σPhy λCog λPhy σCog σPhy λCog λPhy

Overall 0.16 0.05 0.66 0.40 0.58 0.12 0.22 -0.10

Managers 0.16 0.05 0.68 0.38 0.76 0.14 0.20 -0.05
Admin 0.14 0.05 0.71 0.34 0.59 0.04 0.04 0.00
Trades 0.15 0.06 0.59 0.47 0.48 0.19 0.25 -0.06

Table 10: Risk Elasticities - Consumption

41See for example the suggestions in Atkinson (2015).
42 i.e. a small change in λCog/λPhy will not cause a major change in the allocation of workers across occupations,

and a small change in σCog/σPhy will not drastically change the mean or persistence of the skill process.
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Wealth

Mean Inequality

σCog σPhy λCog λPhy σCog σPhy λCog λPhy

Overall 0.21 0.05 0.69 0.36 0.16 -0.05 0.03 -0.07

Managers 0.20 0.03 0.71 0.32 0.22 -0.04 0.03 -0.05
Admin 0.30 0.03 0.77 0.26 0.08 -0.04 -0.03 -0.01
Trades 0.21 0.13 0.61 0.53 0.07 -0.08 0.04 -0.11

Table 11: Risk Elasticities - Wealth

An analysis of these elasticities, suggests that overall the cognitive skill component of

risk (σCog & λCog) tends to have a bigger impact on aggregate outcomes than corresponding

changes in the domain of physical skills. Furthermore changes in technology (λCog& λPhy),

tend to have a larger impact on the mean of assets or consumption than on the corrsponding

Gini coeffi cient. Whilst the opposite is true for changes in skill risk (σCog & σPhy).

Overall, the mean-elasticities of all three variables with respect to all sources of risk

appears to be similar in magnitude, however when it comes to inequality, wealth appears

to be much less responsive than both income and consumption. This suggests that none of

the suggestesd policy channels will be very effective in addressing wealth inequality, even

though they might be effective against income inequality.

The decomposition allows for some interesting thought experiments. For example, by

enacting legislation, to reduce σCog (e.g. a schooling reform), a government could effectively

inequality along all dimensions, but at the same time, the model predicts that the very same

policy will cause a reduction in overall savings and therefore hurt production, incomes and

ultimately consumption. Uncovering unintended consequences such as these might be one

of the potential applications of this model.

Interestingly, encouraging technologies that make productive use of physical skills, has

the potential of reducing inequality overall, whilst also increasing income, savings & con-

sumption.

This section has focussed on assessing the impact of different sources of risk on income,

wealth and consumption. In the next section I will focus on the effect of technological change

on the economy.
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9 Cognitive Skill Biased Technological Change

9.1 Heterogenous Technological Change

The following presents a simple application that exemplifies the usefulness of the model

to study the impact of technological change on the income and wealth distribution. In

particular, I investigate the effects of cognitive skill biased technological change over the

period 1980 - 2016 in the UK, using the model and see if it can capture the trends that we

observe in the data.

A growing number of papers has documented changes in the demand for (and the return

to) different work tasks.43 The general consensus falls on the side of a rising demand for

non-routine/complex/analytical/cognitive skills for the period of the 1980s-2000s (c.f. Autor

et al. (2003), Spitz-Oener (2006)) with a potential tampering off since (c.f. Beaudry et al.

(2016)). Conversely, the demand for routine/manual tasks has been falling throughout this

period. These general trends are usually attributed to the rising importance of information

& communication technologies which complement the former and displace the latter. These

changes can have substantial effects for income inequality. For example, in a recent paper

Burstein et al. (2019) argue that computerization can account for as much as 80% of the

rise in the skill premium in the US between 1983 and 2003.

Although the computerization of the workplace began in the 1980’s and the internet

started to permeate into the wider economy in the early 2000’s, it is clear to many that

the information age is merely in its infancy. New technologies, such as artificial intelligence,

big data and machine learning are set to radically transform all sectors of the economy.

Given the economic insecurity and potential social upheaval, associated with the move to

the Economy 4.0, it is of great importance to model and study the impact of technological

change on the distribution of income and wealth.

Since Krussell & Smith (1998) technological change has also been an important research

area in the heterogenous agent literature (c.f. Heathcote et al. (2009) for a survey). This

literature has traditionally studied the effect of aggregate uncertainty created by shocks to

total factor productivity. Adding aggregate productivity shocks, however does little to help

us understand the potential effects from task biased technological change. This is because

these affect all workers uniformly, whilst the central finding associated with the research of

43See for example: Autor et al. (2003), Autor & Price (2013), Firpo et al. (2011), Rohrbach-Schmidt &
Tiemann (2013), Antonczyk et al. (2009), Bisello (2013), Spitz-Oener (2006)).
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David Autor and others is that technological change might affect different workers differently.

The canonical model of Skill Biased Technological Change (SBTC) for example features two

terms of labour augmenting technology: one augmenting the productivity of high skilled

workers and one augmenting the productivity of their low skilled counterparts.44

Labour productivity in this model follows a similar structure. In particular we can think

of the labour productivity in the model, being summarized by the set of skill weights:

λ =


λ11 ... λN1
...

. . .
...

λ1M ... λNM


︸ ︷︷ ︸


Skills

Occupations

Here the rows summarize different skill groups or occupations and columns represent

different work tasks.45 Since technology only affects labour productivity in this model,46

the aggregate state of technology is summarized by λ. Rather than being a single aggregate,

however, technology in this model is highly heterogeneous, with labour productivity differing

across the two dimensions of occupations and tasks.

This provides us with a flexible framework that can not only accommodate Skill or Task

biased technological change, but a continuum of hybrid cases, which will be essential for

the study of CBTC, since I can selectively affect the productivities of different skills and

different occupations and study the resulting distributional consequences.

It should be noted, however that these analyses do not account for changes in the supply

of different skills via changes in the skill process. It is therefore only possible to analyze

partial equilibrium effects. However, under rigid education markets these effects might

provide a reasonable approximation to short run dynamics. In the following exercise I

assume that the parameters of the skill process (33a) do not change in response to the

changes in technological conditions. Given that we are considering very broad, general skills

this assumption might not be very strong. It appears reasonable to assume that the mean

or the variance of cognitive ability across the population will not dramatically change over

44See Acemoglu & Autor (2011) for an extensive exposition.
45Every column represents a set of skill weights λn ∈ λ.
46Technological change is Harrod neutral.
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the time period (∼ 35 years). The same is possibly true for physical health.

To solve the dynamic model, I make use of the technique developed by Boppart et al.

(2017)47 , which has become popular for solving heterogeneous agent models with aggregate

shocks. Unlike other papers, however I only solve for the deterministic transition path from

one equilibrium to the next, since I am interested in investigating permanent technological

changes, rather than Business Cycle fluctuations.

9.2 Calibrating the Dynamic Model

The increased usage of computers and related technologies has probably been the most wide

reaching transformation of the economy since the second world war. Yet, the effects of

the ICT revolution on the labour market are far from unambiguous: computers are said to

augment some tasks, whilst substituting for others as well as generating new fields of work

activity (c.f. Acemoglu et al. (2014), Gallipoli & Makridis (2018)).

The theory of TBTC holds, that in general technological change affects the demand for

different work tasks and the associated skills respectively. This implies, that a change in

technology, benefitting a certain skill (for example the IT revolution favouring cognitive

skills), should affect wages proportional to how important the relevant skill is in a certain

occupation (c.f. Autor et al. (2003), (2008), Acemoglu & Autor (2011)). I make use of the

hypothesized relationship between Computer/IT usage and cognitive skill productivity, to

calibrate a path for the evolution of the cognitive skill weights:

1. I use 4 waves48 of the UK Skills and Employment Survey to obtain a measure of

how intensely computers are used within a given occupation cluster in a given year. For

this I rescale the Likert-Scale answers to the survey question "IMPORTANCE OF: USING

A COMPUTER/ PC/ OTHER COMPUTERISED EQUIPMENT" on the interval [0, 1]49 ,

and take the mean across the occupation clusters for each year. In the following I will refer

to these values as pcnt i.e. the relative value of computer usage in occupation n in year t.

The resulting values can be seen in the table below:

The values in the table provide an interesting insight into the way that computeriza-

tion occurred across different occupations. For Managers, computer usage seems to have

steadily increased by about 10% every 5 year interval, while Administrative & Sales workers

47See Appendix for a description.
481997, 2001, 2006, & 2012 - these are the only years that include a question on computer usage.
49With 0 referring to essentially no computer usage and 1 corresponding to the case where computers are

essential in the performance of ones work duties.
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1997 2001 2006 2012

Managers 0.69 0.81 0.90 0.93
Admin 0.75 0.91 0.89 0.93
Trades 0.38 0.38 0.54 0.52

Table 12: Computer Usage over Time

experienced a big 20% jump around the turn of the millennium. Skilled workers, Machine

Operators, Services and Misc. Occupations experience an even bigger jump (roughly 30%)

between the 2001 and 2006 waves. I obtain values for the years not covered by the survey,

by using interpolation between the available data points, using a logistic functional form,

which generates the typical "S" shape of technology adoption, that is familiar from work on

technology diffusion (c.f. Griliches (1957)).

The following figure depicts the implied adoption curves.50

50Obviously there is a lot of uncertainty surrounding, specifically, the earlier years of the sample period for
which we have no information from the SES. However the general patterns seem reasonable; e.g. the advent of
computers in the Administrative cluster coincides with the introduction of Microsoft Offi ce in 1990.
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2. In order to obtain values for the cognitive skill weights, I assume that computer

usage affects the productivity of cognitive skills log-linearly, so that a percentage change

in computer usage is roughly proportional to a κn percentage change in cognitive skill

productivity:

ln(λnCog,t) ≈ κnpcnt (42)

Assuming that κn is time invariant, I can eliminate κn by dividing both sides of the

equation:

exppc
n
t+1

exppc
n
t
≈
λnCog,t+1
λnCog,t

(43)

Hence, for any value of pcnt , I can obtain an approximation of λ
n
Cog,t via:

λnCog,t ≈
exppc

n
t

exppc
n
2012
∗ λnCog,2012 (44)

I use the 5 Quarter Quarterly Labour Force Survey (5QLFS) to calibrate the year to

year occupation cluster transition matrices Πt. In order to retain comparability, I restrict

the sample in the same manner as I have done with the Understanding Society sample.

Transitions are measured by movements between the First and Final Interview, in the 5 years

centered around the relevant year in order to reduce idiosyncratic measurement error.51

I also obtain information about the overall and group specific distribution of incomes,

using the value of usual hourly pay and usual hours worked to infer incomes.

9.3 Evaluating Model Performance - Income Inequality

Having calibrated the model and solved for the dynamic transition path, I plot the model

responses against those obtained from the data, to evaluate the models performance. Unless

stated differently, all data points have been smoothed using a 5 year moving average, to

reduce the impact of measurement error.

First we evaluate the models performance with respect to average labour income. In the

demeaned data we see a smooth upward trend for the time between 1993 and 2008, and a

small decline afterwards, potentially due to the great recession in the wake of the financial

crisis. The model captures the upward trend and some of the later slowdown, however does

51E.g. the Transition Matrix for the year 2000, is estimated by the transitions between 1998 and 1999, 1999
and 2000, 2000 and 2001 and 2001 and 2002.
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not produce as sharp a rise. Still, a regression of the QLFS data on the model generated

path reveals a highly significant, positive association, implying that the model is able to

explain about 92% of the variation in mean labour income.
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The model also does a convincing job in capturing the mean labour income trajectory

of Managers, Administrative and Skilled workers, explaining 84, 69 and 68 percent of the

variation in the data respectively.

Further, the model generates a clear "Wage Polarization" effect (c.f. Goos et al. (2009),

(2014), Goos & Manning (2007)), with the middle income group of Skilled workers losing

their relative position in the income distribution, whilst the lowest paying group (Admin-

istrative & Sales workers) catches up over the two decades between 1980 and 2000. Even

though the fit with the data is quite weak, the general direction of the model, suggests that

a reason for the observed phenomenon of wage polarization could be the comparatively slow

computerization of these jobs.
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The model continues to perform well with respect to income inequality as can be seen

in the figures below. The fit is even more apparent, when we consider the relative changes

to income inequality, by considering the demeaned values rather than the levels. However

from both it is apparent that the model manages to account for around 81% of the variation

in income inequality as measured by the Gini coeffi cient. Similar results apply to income

inequality as measured by the standard deviation of the logarithms of income. If we consider

the possibility, that under sticky wage contracts, changes in labour productivity take some

time to show up in measured wages, the fit improves to 88% for a two year lag.
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Evidently the models fit is not perfect, and there are many important events, such as the

2007/08 Financial Crisis or the Great Recession that will have affected the degree of income

inequality whilst being outside of the models scope. Generally, however I hope that this

exercise has uncovered some of the general trends due to cognitive skill biased technological

change.

9.4 Evaluating Model Performance - Wealth Inequality

There is generally a lot less information about wealth inequality available, especially for

such a specific sample of individuals, so confirming the models predictions proves much

more diffi cult.

Hills et al. (2013) provide some Gini values for the UK from 1976 − 2005 and some

additional evidence comes from the Wealth & Assets Survey (WAS), started in 2006. Un-

fortunately these two series differ considerably in terms of methodology, so it is diffi cult to

obtain a consistent time series that we can evaluate the model against.

So rather than trying to attempt a dynamic comparison as with income inequality, I

will outline the general trends that are reported in these two sources, and see if the model

matches the stylized facts.

Hills et al. (2013) report some values on adult, marketable wealth, provided by HMRC

for the period 1976− 2005. In terms of the Gini coeffi cient the pattern that emerges is the

following: wealth inequality is stable around 0.65 for the time period 1976−1995, whereupon

it jumps up to 0.71 in 2000 and remains around that value (0.70) in 2005.

The biannual WAS provides information on aggregate total wealth. As reported by the

Offi ce for National Statistics, the WAS puts total wealth inequality at 0.61 Gini points for

the years 2006− 2012 with an increase to 0.63 in the period 2012− 2014 and a slight drop

to 0.62 for the two years after that.

Putting these together we can infer two stylized facts about the path of wealth inequality

in the UK:

1. A rapid increase in wealth inequality throughout the 1990’s, with a peak somewhere

around the year 2000.

2. A plateau stage in the first decade of the new millennium, with a (temporary) small

bump in the aftermath of the GFC and the Great Recession.
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I will use these two stylized facts as criteria to evaluate the models performance.

Again, we should not expect the model to perfectly capture the data. Rather I am

interested to see whether the forces exerted by CBTC are qualitatively consistent with the

observables.52

52Generally there are many forces shaping the distribution of wealth and assets that are diffi cult to capture
with standard models. In particular aspects such as the top 1% share of wealth that has become prominent in
the polular imagination of wealth inequality is notoriously diffi cult to reproduce (c.f. De Nardi (2015)).
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As can be seen from the figure above, the model does a decent job at capturing the

two stylized facts. There is a substantial increase in wealth inequality, beginning in 1980,

peaking in the year 2000, with a leveling off afterwards.53 Quantitatively the effects are

also quite close. Between 1980 and 2000, inequality increased by 9% in the data, which is

matched by a 11% increase predicted by the model. In general, the model translates CBTC

into a sizable increase in wealth inequality, which is consistent - if not perfectly - then at

least with some of the available evidence (c.f. Roine & Waldenstroem (2015)).

10 Policy Experiments

Having shown that the model is able to capture the general effects of technical change on

income and wealth inequality, I will use this section to perform some speculative policy

experiments. These experiments will showcase some potential technological and policy sce-

narios, in which the model is used to tease out the (partial) effects on income and wealth

inequality.

For these purposes I will set a hypothetical timepath for λ that corresponds to the

changes due to technological progress or policy actions, and perform the same analysis as

in the previous section, with the difference, that this time the starting point is the present

and I am projecting the economy into the future.

It should be noted that - as with any other prediction exercise - the results of these

policy experiments are reliant on a huge number of assumptions and are therefore unlikely

to be a correct representation of future conditions. Rather than those they should be seen

as indications of general trends, that will prevail ceteris paribus.

10.1 Reversing Automation

One of the phenomena most closely associated with technological change, was the increasing

automation of predominantly routine manual occupations, leading to a considerable fall in

the incomes of traditional working class dempographics (c.f. Acemoglu & Autor (2011),

Autor et al. (2003), Katz & Murphy (1992), Goldin & Katz (2007)). Apart from the purely

economic considerations, automation has wide ranging social and political implications: Frey

at al. (2018) for example show that in the 2016 US election, districts which were exposed

53For obvious reasons the model will not capture the effects of the GFC and Great Recession.
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to a higher degree of automation were significantly more likely to vote for Donald Trump.

Sooner or later it is likely, that the political establishment will respond to the needs of the

losers from technological progress, to avoid a further disaffection of this large share of the

electorate.

For this scenario I assume that the government implements a set of policies, aimed at

artificially increasing the demand for Skilled Trades, Personal Service, Machine Operators

and Misc. occupations, either through trade protections, public employment programmes

or industry subsidies (c.f. Atkinson (2015)).

In the framework of the model, this is equivalent to a row shift in the λ matrix: the price

of every unit of output by these occupations increases due to the governments intervention,

effectively increasing the return to each type of skill in these occupations by a common

factor. For this scenario, I assume that the government implements a mix of policies, that

immediately raises the mean income of the affected group by 20%, whilst all other factors

remain unaffected.

The figures below highlight the response of the endogenous variables to this fiscal policy

shock.

The immediate effect is a reversal of Wage Polarization as the mean income of the

affected workers increases. Correspondingly, the Gini coeffi cient of labour income falls by

approximately 1 point.

Higher incomes lead to increased wealth accumulation from the affected workers, even

though within-occupation inequality has not changed. There is some evidence of a small

effect on the asset accumulation of Managers and Administrative groups, but the effects are

small. Overall the policy reduces wealth inequality by about 0.5 Gini points over the first

10 years and around 1 point after 25 years.
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10.2 Rise of the Machine Brains

With the recent progress in the fields of Machine Learning and Artificial Intelligence, com-

puters are for the first time competing with and outperforming humans in areas such as

pattern recognition, logical thinking and strategic decision making (c.f. Adams (2018)).

Traditionally these areas have been seen as bastions of the human brains comparative ad-

vantage, but as Acemoglu & Restrepo (2017) point out, further progress in these areas might

see a fall in the wages of those workers we generally see as the most highly skilled.

In this scenario I simulate the arrival of highly capable artificial intelligence technology,

by gradually reducing the cognitive skill weight of Managers & Professionals by 20%.54 I do

not change the return to physical skills, based on the intuition, that the return to those tasks

that require a physical, human presence (personal interaction, consultations & negotiations,

etc.) will not be adversely affected by these developments.

The figures below show the economy’s adjustment to the technological change. The

model indicates a gradual compression of relative wages, as incomes at the top of the dis-

tribution contract. Correspondingly there is a gradual fall in overall wage inequality on the

order of 0.5 (1) Gini points after 5 (10) years. Asset holdings fall gradually, leading to a

slight decrease in wealth inequality (0.5 Gini points over 25 years).

54 I use the following adjustment: λt+1 = (1− ψ)(λT − λt) + λt , where ψ = 0.75 is an adjustment parameter.
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10.3 The growing importance of "human" skills

The last policy experiment presents itself as the flipside of the previous one. Autor (2015)

points out that advances in technology, usually complement those tasks that they don’t

actively replace. For example, advanced diagnostics technology, would free up a doctors

time to consult with patients more thoroughly. Many authors (e.g. Goos (2018)) point

out that it is likely that a set of these tasks will be constituted by essentially "human"

activities such as social interaction, communication and care. Despite their ability to analyze

data rapidly and accurately, a computers social capabilities are still significantly under

developed.55 Furthermore, there might be a strong, qualitative preference for interactions

with other humans even if the same service was available from a machine.This trend points

towards an increasing demand for the kind of skills that are commonly called noncognitive

or interpersonal (c.f. Edin et al. (2017)).

For this scenario I will raise the physical skill weight56 57 for all occupations where human

interaction is likely to be part of the job.58

The results of this experiment are fairly similar to the other two experiments: Income

inequality is reduced by around 1 Gini point over the first couple of years, as the technological

change takes effect. This is accompanied by a slight increase in wealth for the affected groups.

The response of wealth inequality is somewhat interesting, as it exhibits a hump shape

- rising initially, and then falling - however the overall effect is too small to be of much

interest.

11 Concluding Remarks

In this chapter I have extended the standard Aiyagari (1994), model with a structural

labour income process, that draws on insights from the wider labour literature. Changes in

income are not caused by log normal productivity shocks, but rather due to combinations

of occupational transitions and changes in an individuals skill-set. I have shown how to

55Showcased by the point that no program to date has managed to pass the Turing test convincingly.
56 It would have been preferable to have an actual measure of social ability such as the Big5 psychometric

measures for this analysis. However in order to stay consistent with the rest of the analysis I simply pick physical
skills.
57Again, the size of the increase is set to 20% with the adjustment parameter ψ = 0.75.
58These are Managers & Professionals and Administrative & Sales.
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identify the structural parameters from the data shown that the model can reproduce key

moments of the empirical income distribution without actively targeting them.

The model has then been evaluated against available data, using a hypothesized rela-

tionship between the importance of computer and IT equipment and the productivity of

cognitive skills. The results of the dynamic analysis suggest that the calibrated income

process is well suited to capture the developments in average wage income as well as the

changes to income inequality resulting from cognitive skill biased technological change.

The analysis suggests that the increased usage of computers and computerized equipment

should have contributed to a significant increase in both income and wealth inequality over

the period 1980−2016 in the UK. Although it is not possible here to evaluate the implications

for wealth inequality suffi ciently, this is consistent with some stylized facts and general

analyses of the period (c.f. Roine & Waldenstroem (2015)).

I have also evaluated several counterfactual policy & technological change scenarios,

assessing the impact on income & wealth inequality.

Overall this suggests that the model could be useful in evaluating the short to medium

run impacts of further technological change on the twin peaks of inequality. With the rising

importance of Artificial Intelligence, Automation and the Digital Economy this could be

a valuable tool for economists and policy makers alike. For now, however I leave these

explorations for future research.
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A.2 Cognitive Skill Measures

Wave 3 of Understanding Society contains an additional module financed by the Economic

and Social Research Council (ESRC) with resources from the Large Facilities Capital Fund

of the Department for Business, Innovation, and Skills. This module added question stages

assessing the cognitive and psychological traits of adult (16+) respondents.

In this chapter I follow Whitley et al. (2016) by selecting 5 exercises from the cognitive

module to create a composite measure of cognitive ability. These exercises relate to: 1.

Numeric Ability, 2. A Subtraction Exercise, 3. Completion of a Number Sequence, 4. A

word recall exercise & 5. Verbal Fluency.

As is apparent from the types of exercises these exercises test the respondents logical,

mathematical as well as lingual intelligence. However it is likely that all these areas are

related to what is commonly referred to as general intelligence. To uncover this latent

factor I perform a principal component analysis (PCA) on the standardized test results.

The PCA suggest that only the first principal component has an Eigenvalue greater than

1, which is commonly seen as the cutoff for significance. I interpret this insofar that there

is only a single factor that is relevant in explaining an individual’s performance in all 5

exercises. I dub this factor general intelligence, or cognitive ability.

The table below reports the factor loadings of the variables. All loadings are positive,

suggesting that doing better in any type of test is associated with a higher level of general

intelligence, which is what one might expect. The loadings are also of similar size, even

though numeric ability and the number sequence exercises have slightly higher loadings.

A.3 Calibration Procedure

In order to calibrate the process for cognitive skills I loosely follow the Method of Simulated

Moments (MSM) set out by Guvenen et al. (2014). However, it is probably more accurate
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Variable Loading Unexplained Variation

Numeric Ability 0.53 0.41
Subtraction Exercise 0.40 0.67
Number Sequence 0.52 0.43
Word Recall 0.39 0.68
Verbal Fluency 0.38 0.69

Table 13: Factor Loadings of PCA on Cognitive Skills

to talk of an Indirect Inference (II) procedure (c.f. Gourieroux et al. (1996)), as the

target moments are obtained by running a regression on simulated data. In this case the

target moments (m1,m2) are the persistence (κ), and the standard deviation of incomes σy,

observed in the data, as described in equation (41a). The corresponding simulated moments

(m̃1(θ), m̃2(θ)) are in turn generated by:

1. Picking a vector of parameters θ. In this case θ = (ρCog, σCog), with all other para-

meters held fixed.

2. Solving the model given those parameters.

3. Simulating a series of labour market histories.

4. Estimating regression (41a), to obtain (m̃1(θ), m̃2(θ)) .

To implement the procedure, I define Fn(θ) = m̃n−mn
|mn| , i.e. Fn(θ) corresponds to the

percentage deviation of the simulated nth moment from its target, given the parameter

vector θ. I then choose θ to minimize

min
θ
F ′(θ)WF (θ) (45)

where W is the identity matrix, as F (θ) is already scaled. To solve (45) I employ a

nonlinear, derivative free, minimization routine.59

A.4 Boppart et al. (2017) Algorithm

The solution method follows Boppart et al. (2017):

1. Choose a time T at which the economy has presumably reached a steady state.60

2. Solve for the stationary equilibrium at T where the skill weights are given by λT .

59 I also double check, using a genetic algorithm, that the local solution coincides with the global minimum.
60For my application I set T= 2200, but most variables settle down after around 20 years.
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3. Construct the deterministic transition path of {λt}T0 and {Πt}T0 .

4. Make an initial guess for the transition path of capital {K}T0 .

5. Given the guess for the transition path, and the evolution of λ, solve the policy

functions backwards from t = T − 1, setting GT = GSS .

6. Calculate the transition matrix for the joint state Λ in every time period, using the

policy functions obtained in step 5. Iterate the joint distribution forward, starting

with the initial stationary distribution.

7. Calculate the implied capital stock at each point in time and update the guess for

the path of capital until convergence.

72



A.5 Occupation Specific Productivities

In this chapter I sometimes suggested that Managers & Professionals might appear to have

high returns to physical skills due to some higher level of unobserved productivity. In the

language of the model this corresponds to a third - general - skill, that every worker is evenly

endowed with. For simplicity, I set the skill endowment of this general skill to 1. The skill

weight, associated with this general skill, can be interpreted as the "base productivity" of

the relevant occupation. Ignoring this base productivity, can in theory bias the estimates of

the skill weights.

In this appendix section I test this hypothesis, by including Occupation Dummies in the

skill weights regression. These dummy variables will capture any higher level of productivity

that is unrelated to differences in the skill productivities.

The extended econometric model is given by:

ωi,n =

N∑
n=1

Dn +

N∑
n=1

{
Dn

M∑
m=1

λ̃nmsi,m

}
(46)

The regression suggests that excluding occupation specific productivities has indeed af-

fected the skill weight estimates. After including the occupation specific intercepts the

estimated returns to all skills have decreased significantly. This is particularly true for Man-

agers & Professionals, who have the highest occupation specific productivity. The general

patterns, however are largely unaffected: Managers & Professionals still have the highest

returns to cognitive skills, even though they are now very close to the estimate for Admin &

Sales occupations. Skilled Workers and other physically demanding occupations still have

the highest return to physical skills, even though the return has dropped by around half.

Curiously the physical skill weight of Managers & Professionals is still very close to that

of Skilled Workers, suggesting that the previous estimates weren’t entirely due to higher

unobserved productivity.

A.6 Comparison of Skill Weights with SES derived measures

The presented approach to estimating the skill weights, allows for an interesting comparison

with the literature. The common approach to recovering skill weights, is based on survey

information on individual job content (c.f. Autor & Handel (2013) or Spitz-Oener (2006)).
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Labour Income

Managers & Professionals 934.429∗∗∗

(202.988)
Admin & Sales -530.172

(319.563)
Skilled Workers, Services, Operatives & Misc -95.705

(234.703)
Managers & Professionals X Cognitive Ability 1523.511∗∗∗

(188.932)
Admin & Sales X Cognitive Ability 1393.683∗∗∗

(268.147)
Skilled Workers, Services, Operatives & Misc X Cognitive Ability 786.205∗∗∗

(121.178)
Managers & Professionals X Physical Ability 501.617∗

(220.936)
Admin & Sales X Physical Ability 314.609

(291.348)
Skilled Workers, Services, Operatives & Misc X Physical Ability 460.493∗∗∗

(133.514)
R-squared 0.212
N 4393
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 14: Skill Weights Regression with Occupation Specific productivities

For this approach, information on the perceived importance of different tasks is trans-

formed into a measure of the importance of a category of work tasks (such as analytic or

manual tasks), and then used as a basis for analysis (see Autor (2013) for an overview of

the method and some criticisms).

Since the approach I presented above, differs fundamentally from the commonly employed

method it might be useful to cross validate the estimated skill weights with measures derived

from job-task data.

For this purpose I employ a wave of the UK Skills & Employment Survey. The UK Skill

& Employment Survey (SES) is the UK’s primary (and only) source of job task informa-

tion and contains individual level survey information on different aspects of job content,

educational attainment and other demographic factors. I follow Bisello (2013) to select a

number of survey items corresponding to analytic and manual tasks, and perform a Principal

Component Analysis, obtaining the first principal component in each case. The retained

principal components are standardized on [0, 1].

For this I limit the sample to the year 2012, which is closest to the time of the 3rd USoc.
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wave (2011 - 2013). I then compare the skill weights obtained from the regression procedure

with those implied by the SES data.61 In an ideal scenario, where workers have a perfect

grasp of the contribution that the different work tasks they perform make towards their

overall productivity, we should expect a high level of correlation between the skill weights

derived from the SES and those estimated from the USoc data.

The correlation between the measures for cognitive and analytic skill weights is 0.66,

which warrants some confidence in our measures. The correlation for physical and manual

skill weights, however is 0.04 which, at first glance, appears puzzling. A couple of explana-

tions suggest themselves:

1. The SF-12 PCS measure does not correspond well with the tasks covered by the

manual skills measure, obtained from the SES.

2. Individuals are unable to properly assess the importance of their manual work activ-

ities, or the self reported PCS measures are biased in some unknown way.

3. The correlation might be driven by high estimated physical skill weights for some

occupations (e.g. Managers or Professionals) which might in part reflect higher overall

productivity in these occupations, rather than a strictly higher importance of physical skills.

To assess this possibility I take the relative importance of skills, by forming the ratio of

cognitive/analytical and physical/manual skill weights. The correlation between the trans-

formed variables is 0.35, which still leaves a lot unexplained, suggesting that one of the other

explanations is contributing to the mismatch.

Overall this little comparison has provided us with some new and interesting insights:

It seems that survey based approaches recover similar skill weights as regression based

approaches, at least for cognitive or analytic tasks. This is an important insight since it

suggests that at least in this area perceived importance somewhat accurately reflects true

labour productivity.

61 In order to increase the number of observations I use the skill weights obtained for all 9 major SOC2000
occupations.
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