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Abstract

This thesis estimates the risk of job automation in the regions of the Czech

Republic on second level of Nomenclature of Territorial Units for Statis-

tics (NUTS 2). We base our methodology on occupation-based approach

and then proceed to implement task-based approach and use weighted Gen-

eralized Linear Model. We evaluate data from 1st Round of 1st Cycle of

collection in The Survey of Adult Skills (PIAAC). After acquiring predic-

tions for the Czech Republic, we further analyzed them in order to esti-

mate relationship between them and 20 macro-level indicators, which we

suspected of being linked to automatibility and robotisation. For that, we

used individual OLS regression of predictions on these indicators and also

computed Pearson correlation coefficient between share of high risk of au-

tomatibility jobs and these indicators. Then we proceeded to discuss results

and derived policy suggestions for government and policy makers in order to

minimize the threat automation and robotization poses. We conclude that

NUTS 2 regions highly threatened by automation or robotization are Cen-

tral Moravian, Northwestern and Moravian-Silesian region. We also derived

that government and policy makers ought to focus in their policies to lower

future long term employment losses by improving quality of educational in-

stitutions, implementing requalification programmes for workers at high risk

of automation or adjusting taxes and investments so that economy performs

as good as possible.
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Abstrakt

Tato práce se se zabývá estimovánı́m rizika automatizace práce v regionech

České republiky na druhé úrovni Nomenklatury územnı́ch statistických jed-

notek. Naše metodologie je založená na použitı́ tzv. occupation-based ap-

proach a následného implementovánı́ tzv. task-based approach a využitı́

Zobecněného Lineárnı́ho Modelu s váhami. Vyhodnocujeme data z prvnı́

části prvnı́ho cyklu sběru dat z Mezinárodnı́ho výzkumu dospělých: PI-

AAC. Po zı́skánı́ výsledků pro regiony České republiky jsme je dále analyzo-

vali za účelem určenı́ vztahu mezi jimi a 20 makroekonomickými indikátory,

které jsme podezřı́vali, že je mezi nimi a rizikem automatizace nějaký vz-

tah. V rámci této analýzy jsme podı́l pracı́ s vysokým rizikem automa-

tizace zregresovali individuálně na každý z těchto indikátorů a také jsme

mezi podı́lem pracı́ s vysokým rizikem automatizace a těmito indikátory

vypočı́tali hodnotu Pearsonova korelačnı́ho koeficientu. Zı́skané výsledky

jsme zkoumali a odvozovali, jaké kroky by vláda a zákonodárci mohli provést

za účelem zminimalizovánı́ rizika, jaké pro pracovnı́ trh automatizace a

robotizace představujı́. Došli jsme k závěru, že NUTS 2 regiony nejvı́ce

ohrožené automatizacı́ a robotizacı́ jsou Severozápadnı́ kraj, Moravskoslezký

kraj a Střednı́ Morava. Také jsme došli k záěru, že vláda a zákonodárci by

se ve svých krocı́ch a rozhodnutı́ch měli soustředit na snı́ženı́ dlouhodobé

nezaměstnanosti, a to zvýšenı́m kvality lokálnı́ch vzdělávacı́ch institucı́, im-

plementovánı́m rekvalifikačnı́ch kurzů pro zaměstnance vysoce ohrožené au-

tomatizacı́ nebo přizpůsobovánı́m výšky danı́ a investic, aby ekonomika byla

tak efektivnı́, jak je jen možné.
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Republic

The research target of this thesis is the automation and robotization

of jobs and the impact it has on unemployment. We will be focusing on

Czech republic’s regions belonging to the second level of Nomenclature of

Territorial Units for Statistics (NUTS 2), analysing the potential share of

jobs with high risk of automatability in the near future.

Studying evolution of market for jobs is one of the essential tasks in

economics. Focusing on this aspect is becoming more important than ever

before, since the growth rate of technological advances is the highest in

history. In recent years, concerns were raised that due to digitalization

up to 47 % of all people in the US might be replaced by robots in the

near future (Frey and Osborne (2013)). The above-mentioned Study by

Frey and Osborne received a lot of criticism, mainly because of its use of

occupation–based rather than task–based approach, resulting into largely

overestimated outcomes.

In 2016 Arntz et al. conducted a comparative analysis which follows

on Frey and Osbourne (2013) nonetheless used the task-based approach to

evaluate the data. This study analyzed the data from OECD countries,

including Czech Republic. The results show the numbers being 9% in the

USA and 10% in the Czech Republic. Although 9 % is clearly less alarming

number than 47%, its significance is undeniable anyway.

In our thesis, we are determined to analyse the threat the technological

advancement might pose on the NUTS 2 regions of the Czech Republic. Fur-

thermore, we intent to compare results from individual regions and compare

their variation. In addition, we aim to research this variation (if possible),

discussing its reason, origin, background and probable consequences.



Contribution

Arntz et al. (2016) included the data regarding Czech Republic in their

comparative analysis, however, to our best knowledge, no paper focusing on

individual regions of the Czech Republic has been written yet. The intended

income of this thesis thus is as follows: a new study on the risk automation

poses to the job market will be introduced. This study can consequently be

used by both employers and employees as an indicator of certain job’s dura-

bility. Subsequently, it can be treated as a factor in planning or re-evaluating

possible career choices. Employers providing jobs which are possibly en-

dangered by automation might hence consider implementing requalification

courses for their employees.

Methodology

In our thesis, we will be using The Programme for the International Assess-

ment of Adult Competencies (PIAAC), more specifically Round 1 of first

cycle from 2011. These will be used as inputs in adjusted version of model

by Arntz et al. (2016), thus we will be implementing task-based approach,

following Expectation-Maximization algorithm (Ibrahim (1990)), followed

by Generalized Linear Model by Papke and Wooldridge (1996). Presented

model will be implemented for employed observations of the Czech Republic

in PIAAC data. Furtherly, received results from individual regions of the

Czech Republic will be compared.
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1 Introduction

Since the time period of the First Industrial Revolution in 18th century,

automation and robotisation of occupations have played essential role in

transformation of market for jobs. In terms of employment, market for jobs

experienced then unprecedented change in its inner infrastructure, which

resulted from transition to new manufacturing processes. Large number

of hand production methods based jobs ceased to exist, forcing laborers

to adjust to the new division of labour created by technological develop-

ment. Following Second Industrial Revolution, which continued up to early

20th century was defined by industrialization and standardization. In sim-

ilar spirit as First Industrial Revolution, it transformed market for jobs, as

again many jobs ceased to exist and new ones emerged. Consecutive Third

Industrial Revolution, also called Digital Revolution was characterized by

shift from analogous electronic and mechanical technology to digital tech-

nology. It laid foundation of modern life, as it completely changed labour

market and introduced all digital necessities which have become essential

part of our everyday lifes.

Nowadays Fourth Industrial Revolution is similar to the First Industrial

Revolution in aspect of cessation of jobs. The market for jobs faces un-

precedented high rate of change, making many human-exclusive jobs more

profitable when being performed by non-human rather than human labour.

At the same time, also emerging jobs are often cheaper to be at least partly

performed by robot or an artificial intelligence than human. This altogether

results in decrease of total number of occupations on labour market.

In last few decades, machines have surpassed humans in many ways such as

computational capacity or physical abilities. However, recent years became

ever more arduous, as new generations of robots are challenging humans

in sets of tasks and skills like reasoning and decision-making, that were up

until now considered as purely human domain. This stoked fear that one

day humans might become redundant, due to being slower and less capable

than robots and computers.
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Question arose, Does humanity really face jobless future? How high the risk

of automation of occupations really is? In 2013 Carl Benedikt Frey and

Michael Osborne addressed this issue in their paper The Future of Unem-

ployment. Frey and Osborne, 2013 examined expected impacts of comput-

erisation on employment in the US. Their estimates implied that around

47% of US jobs fall to high risk category of being automated in the next ten

to twenty years. Their work triggered great amount of attention, becom-

ing one of the most frequently quoted statistics in recent years. However,

in contrast with rising popularity The Future of Unemployment received

considerable amount of criticism in terms of methodology. Critique mainly

based on strong assumption of occupations being identical across workers

and also on FO (from now on referring to Frey and Osborne, 2013) taking

into account whole occupations instead of task composition of individual

jobs. Thus it suggested that approach by FO overestimates the real share

of labour force falling to the high risk category of being automated and that

47% is probably too pessimistic forecast. In addition, interpretation and

sometimes misinterpretation of these results provided ground for numerous

debates concerning the future of labour market and displacement of human

labour by forthcoming technological means.

In reaction Arntz, Gregory, and Zierahn, 2016 conducted a comparative anal-

ysis which followed on FO, nonetheless used a different evaluating approach.

While FO focused in their analysis on whole occupations, AGZ (from now

on referring to Arntz et al., 2016) considered task composition of individual

workers. They concluded that the number of share of workers with high

potential of automatibility in the US is 9%. Although 9% is significant, it

is still much less alarming than 47% proposed by FO. Then they analyzed

their data on micro-level and estimated relationships between probability of

automatibility and micro-level variables, such as income or education, pro-

viding background and proposing explanations for job automatibility.

Despite that AGZ included predictions for job automation in the Czech Re-

public, as much as we are aware, no study focusing on job automation in
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individual regions of the Czech Republic has been published yet. Our the-

sis aims to analyze the threat of automation on the NUTS 2 regions of the

Czech Republic while replicating approach proposed by AGZ. Furthermore,

we aim to compare results for individual regions and then analyze them on

macroeconomic level, discussing origins, reasons and possible consequences

for variation in these results.

We believe that contribution of this thesis, apart from being the first one

of this type and focus in the Czech Republic, lies in its identification of

the threat automatibility poses on labour market in individual regions. In

addition, we estimate relationship between automatibility in regions and

numerous macro-level indicators, which can provide us with insight into fac-

tors affecting automatibility. New information provided by this estimated

relationship can be utilized by government and policy makers. They may be

able to better target problematic regions and then aim their policy-making in

these regions in order to effectively prepare them for negative impacts of au-

tomation and minimize these impacts as much as possible. Also businesses,

especially small ones can benefit from our predictions and estimation by ad-

justing their business strategy and anticipating new opportunities emerging

from changes in demand and labour market.

This thesis is structured as follows: We review literature in Chapter 2. In

Chapter 3, we focus on methodology of task-based approach and further

analysis of regional level predictions. In Chapter 4 we present predictions

on national level received by the task-based approach and compare them

with results by AGZ. In Chapter 5 we examine regional predictions. Then,

we comment on results of further analysis and individually inspect relation

of macro-level indicators to automatibility. Finally, we sum them up and put

them into context of suggestions for government and policy makers. Last,

we conclude our thesis in Chapter 6.
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2 Literature review

In this section we review existing literature and past research in topic of

job automatibility and computerisation. Existing literature can be split

chronologically into three subsections; non-research literature and first pa-

pers taking interest in automatibility as a result of computerisation, studies

using methodology of occupation-based approach (e.g. FO) and papers using

methodology of task-based approach (e.g. AGZ).

2.1 First insights

While concerns about human labour being automated can be dated back

to 19th and 20th century, concerns of labour being automated specifically

due to digitalisation and computerisation are merely decades old at most.

Rifkin, 2004 claimed in 1995 that computerisation in digitalisation will sup-

port increasing global unemployment crisis. Harari, 2018 states that robots

and computers will catch-up on human abilities and will surpass us com-

pletely, although admits that they will not become superior to humans in

every way in forseeable future.

Ground for recent research by FO was set by two types of literature:

First type of literature takes interest in job skill demands and rising level of

computerization. D. H. Autor, Levy, and Murnane, 2003 scoped impacts

of computerization on labour market in terms of alteration of job skill de-

mands and historical effect on composition of occupations. They concluded

that “within industries, occupations, and education groups, computeriza-

tion is associated with reduced labor input of routine manual and routine

cognitive tasks and increased labor input of nonroutine cognitive tasks”.

Goos and Manning, 2007 confirmed that for job polarization D. H. Autor

et al., 2003 provide the best explanation, though other factors might be also

important. Nevertheless the scope of what are computers capable of has

been widening and will very probably continue to do so in foreseeable fu-

ture (Brynjolfsson and McAfee, 2012) resulting into redefining what work is.
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Second type of literature focuses on susceptibility of occupations to be off-

shored. Blinder, 2009 estimated share of US jobs, which will be potentially

offshorable in next ten to twenty years between 22% and 29%. He concluded

there is little to no correlation between occupational offshorability and the

skill level of it’s workers, although found out that highly offshorable jobs

tend to be payed significantly low wages. Oldenski, 2012 provided empirical

evidence linking between tasks and offshorability in US. Her results imply

that routine tasks are positively related to potential offshorability and com-

munication tasks are negatively related. Blinder and Krueger, 2013 analyzed

offshorability of jobs and came to conclusion that wages, probability of layoff

and surprisingly routine work are not linked to offshorability. On the other

hand, they found out that jobs of more educated workers tend to be more

threatened by offshorability. While intepretations of results of these studies

are contradictory, it is necessary to keep in mind that there exist differences

in their methodologies.

First type of literature researches future possibility of computers displacing

workers. FO linked this possibility to potential of jobs to be offshored, as

potential offshorability is connected to probability of being automated.

2.2 Occupation-based approach

In this subchapter, we will mainly focus on FO, who developed occupation-

based approach. They evaluated the risk of automatibility and reached that

approximately 47% of US jobs fall into high risk category, meaning their

probability of being automated is higher than 70%. This rate seems alarm-

ing, however in order to interpret their results correctly, it is necessary to

gain insight into their methodology.

Their occupation-based approach of determining job automatibility is built

upon 2010 version of O*NET, which contains dataset with detailed infor-

mation about 903 occupations and their key features as standardized and

measurable set of variables. In order to include wage and employment figures

from 2010 Bureau of Labor Statistics (BLS), O*NET dataset was aggregated

with BLS dataset. Then they excluded occupations with missing O*NET
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variables, thus only 702 detailed occupations remained. Next, machine learn-

ing experts at Oxford University Engineering Sciences Department were con-

sulted by Frey and Osborne and were asked1 to classify occupations as either

automatable or not, based on structure of their key features. Experts classi-

fied only 70 occupations, for which they were sure about their classification.

Frey and Osborne then proceeded to inspect relationship between classifi-

cation of these 70 occupations and 9 of their attributes (finger dexterity,

manual dexterity, how much job requires working in cramped up spaces and

awkward positions, originality, knowledge of theory and techniques to cre-

ate or perform art, social perceptiveness, negotiation, persuasion, assisting

and helping to others), which are linked to engineering bottlenecks2. Then

they continued to develop a probabilistic model whose variants they applied

on randomly selected subsamples of those 70 occupations in order to derive

predictive power for these 9 attributes in terms of automatibility. Predictive

power of these attributes being high, Frey and Osborne further predicted

automatibility for remaining 632 occupations, which were not classified by

experts and distinguished between low, medium and high risk occupations

(corresponding intervals of probability of automatibility being set respec-

tively at below 0.3, between 0.3 and 0.7 and above 0.7). Taking into account

number of people employed in each occupation, Frey and Osborne concluded

that 47% of all US jobs fall into the high risk category of being automated.

Numerous other studies followed on FO and implemented occupation-based

approach. To mention a few, Chang and Huynh, 2016 applied occupation-

based approach in Cambodia, Indonesia, the Philippines, Thailand and Viet

Nam and found that overall 56% of all jobs face high risk of being automated.

However, their results for share of jobs at high risk of being automated differ

significantly across countries, being equal to 57%, 56%, 49%, 44% and 70%

respectively. They also argue that variation in predictions is caused by dif-

ferences in labour market structure in each country, and that maximal value

1Exact question asked: “Can the tasks of this job be sufficiently specified, conditional on the avail-

ability of big data, to be performed by state of the art computer-controlled equipment” (FO: 30)
2Human exclusive tasks that cannot be automated in forseeable future as it is impossible to characterize

these tasks as codifiable rules and algorithms.
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of 70% in Viet Nam is caused by highest share of low-skilled workers among

these five countries and minimal value in Thailand origins from Thailand

having lowest share of low-skilled workers. Pajarinen and Rouvinen, 2014

followed FO and estimated the share of workers at high probability of being

automated to be 35% in Finland. They deduced that more than 10% dif-

ference to 47% by FO in US reflects differences in occupational structures

between Finland and US. On the contrary, they admit that applied approach

does not consider changes in bundle of tasks from which occupations con-

sist and ignores significant societal forces, such as prevailing organizational

structures and regulations which slow down the pace of introducing new

technologies to the labour market. Lee, 2016 followed on FO work in Sin-

gapore and estimated that approximately 25% of workforce fall to high risk

category of being automated in next ten to fifteen years.

While results by these studies differ, after reasoning for differences in labour

markets and diversity in occupational structures, they more or less agree on

overall validity of results.

However, critique implies that occupation-based approach renders several

drawbacks, which cause it to overestimate the real risk of automation. Firstly,

it does not take into consideration that individual job tasks rather than

whole occupations are more likely to be subject of automation. Mostly not

all job tasks (David H. Autor, 2014, David H. Autor, 2015) are prone to

be automated. It is more likely that only a fraction of job tasks of an oc-

cupation will be automated, while human labour will adapt to evolution of

division of labour between humans and machines and will shift its focus on

non-automated tasks of jobs. Secondly, critique objects to resulting poten-

tial of automation being identified with actual employment losses. While

it may become technologically possible to substitute humans in the mat-

ter of certain job tasks or whole occupations by machines, FO do not take

into account whether and how much will implementing this replacement be

profitable for employers. And even if this replacement was possible and con-

venient, there is substantial reason to assume that in many cases it would
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not happen. Ethics and law may in these cases either slow down the pace of

substitution or not allow these replacements to happen at all. Thirdly, trans-

ferring results of automatibility by FO to other countries means assuming

that that US occupations are similar to occupations across countries, which

does not always have to be the case. Last but not least, it seems necessary

to point out that result of 47% of jobs falling to the high risk category does

not necessarily mean that in twenty years or so 47% of currently employed

human labour will become unemployed. It is reasonable to assume that with

advancing automation and computerisation new occupations will be emerg-

ing (“New and Emerging Occupations Listings 159 Occupations Approved

for Data Collection”, 2009) and the division of labour on the labour market

will be different. Rather than providing statement about state of unemploy-

ment in the next twenty or so years, estimated 47% rather suggest the scale

of structural changes the market for jobs shall undergo in that time period.

2.3 Task-based approach

In this subchapter we mainly focus on AGZ, as they were the first to evalu-

ate the risk of automatibility using task-based approach. Their comparative

analysis reflected on FO, especially on weaknesses of their approach.

Task-based approach considers individual tasks instead of whole occupa-

tions to be prone to automation. It relates probability of automation to

socio-economic characteristics, skills, education and job requirements. Also,

it takes into account that bundle of tasks from which occupations consist

may differ both between countries and individual occupations, therefore it

considers specific jobs to be prone to automation rather than whole occupa-

tions. Thus, results received through task-based approach are transferable

across countries, while occupation based approach assumes that task struc-

ture within occupations is the same across countries.

Output of model by AGZ in comparison with output of model by FO is

significantly smaller, with share of workers at high risk of automation being

10% and 9% in the Czech Republic and US respectively. Results acquired
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by task-based approach evade several mentioned drawbacks of occupation-

based approach (more in Chapter Data and Methodology). Thereby AGZ

show that decomposing an occupation as a bundle of individual tasks is nec-

essary in regard not to over-estimate the threat technological development

poses for labour market.

Brussevich et al., 2018 replicated their work in order to discuss relationship

between technological development and gender gap. They suggested that

in order to reduce the risk automatibility poses for women, several policy

options could be used, such as encouraging life-long learning, adapting social

protection to new forms of work or bringing more women to the workforce.

Their suggestions have been targeted at women, nevertheless some of their

suggestions are transferable to labour market in general.

Others combined occupation-based and task-based approach. For example

Manyika et al., 2017 estimate that less than 5% of all occupations can be

fully automated. However according to them almost every occupation con-

tains tasks that can be automated and about 60% of occupations have at

least 30% of their tasks automatable. Nedelkoska and Quintini, 2018 sug-

gest that about 14% of all jobs across OECD countries, which participated

in PIAAC fall into high risk category of being automated. To sum up, stud-

ies combining both approaches estimated numbers between those proposed

individually by these two approaches.
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3 Data and Methodology

In this chapter we follow task-based approach to transfer results by FO to

the NUTS 2 regions of the Czech Republic3. After obtaining predictions

for individual regions, we will analyze them and inspect their relationship

with numerous macro-level indicators. First section is devoted to review of

data and methodology of task-based approach. In second section we review

macro-level indicators and methodology used for estimating relationship be-

tween them and our regional predictions.

3.1 Data and Methodology of Task-based approach

In the spirit of AGZ our analysis is based on data from the Programme for

the International Assessment of Adult Competencies (PIAAC). The PIAAC

data contain necessary information we need, such as socio-economic charac-

teristics, occupational information, skills and competencies.

Apart from estimating probabilities of automatibility for workers of OECD

countries, AGZ then further analyzed their results by linking them to micro-

level variables in PIAAC data. They estimated relationships between the

probability and these micro-level variables in PIAAC data, which they used

to base their explanation of variation of the probability across countries. We

follow task-based approach employed by AGZ and link estimates of occu-

pational automatibility proposed by FO to workers’s individual skills, char-

acteristics and task composition of their occupations. PIAAC data and

approach we choose for estimation allow us to relax two assumptions:

1. FO assume task composition to be the same within occupations, but

that does not always have to be the case; often two workers within

the same occupation perform quite different bundle of tasks (David H.

Autor and Handel, 2013).

2. Estimates of occupational automatibility proposed by FO were esti-

mated for US labour market, thus using them for occupational-based
3These regions are: Prague, Central Bohemia, Northwest, Northeast, Southwest, Southest, Central

Moravia and Moravian-Silesian region.
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estimations outside of US means assuming the task structure within

US occupations to be similar to task structure of occupations in other

countries.

For some observations in PIAAC data values of certain variables are missing.

In the way we build our model, observations with value of at least one

variable missing are omitted. For now, we did not solve this issue as it is

beyond the scope of this thesis. We discuss the potential bias of the estimates

due to these limitations in following chapter.

In order to estimate the relationship, we must connect US individuals by

occupational codes in PIAAC data to automatibilities proposed by FO. We

begin by excluding armed forces and observations with missing occupational

information or occupational information being available only at 1-digit ISCO

code. These observations are either special cases in context of automation

or are not suitable inputs to our model, since we need to be consistent in

number of ISCO digits that observations in the model have. First problem

lies in difference between occupational coding in PIAAC and FO dataset,

because in PIAAC occupations are coded by ISCO (International Standard

Classification of Occupations) and FO use SOC (Standard Occupational

Classification). Since there do not exist direct correspondences between

SOC and ISCO, we use a crosswalk (Hardy, 2016). We apply this crosswalk

on automatibilities by FO so that SOC codes are transfered to ISCO but

not vice versa. Hence, from dataset by FO containing automatibilities for

702 occupations we obtain new dataset containing 927 occupations with

assigned automatibilities. Second problem occurs as a result of only 2-digit4

ISCO codes being available in PIAAC data, thus we cannot assign PIAAC

individuals to their expected automatibilities. By the same token as AGZ

we assign each individual in PIAAC data multiple automatibilities5 and

4ISCO 08 codes are 4 digits long, where each following digit specifies more closely given occupation.

We believe that only 2-digit codes ISCO codes are available in PIAAC data in order to preserve anonymity

of respondents.
5We duplicate each individual j−1 times, where j is the number of automatibilities with first two ISCO

digits identical to the individual’s one. Then we assign j duplicates of each individual j automatibilities.
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implement following Expectation-Maximization algorithm:

yij =
N∑︂

n=1

βnXin + uij (1)

where i are individuals in PIAAC data and j are duplicates of these

individuals, as multiple automatibilities are assigned to each individual.

Xin represent information about individual’s characteristics, skills and job-

related tasks while βn stand for parameters of these variables to be estimated.

Due to automatibility being restricted to interval between 0 and 1, we use

weighted Generalized Linear Model by Papke and Wooldridge, 1996. This

model contains two weights, which we connect multiplicatively; first weight

is the replication weight in PIAAC data. Second weight is created because

individuals in our dataset are duplicated. In the initial step of our algorithm,

we set this weight for all duplicates j to the inverse number of duplicates of

individual i, thus this weight sums to 1 for each individual.

Next, we predict automability ŷij, which is equal for all duplicates of each

individual, as all duplicates posses the same Xin. Then we continue by com-

paring our predicted automatibility and automatibility given by FO and

recalculate second weight per Ibrahim, 19906:

wij =
f(ŷij − yij|Xin, βn)∑︁J
j=1 f(ŷij − yij|Xin, βn)

(2)

where f(.) is standard normal density. After recalculating second weight, we

return to equation (1) and run this algorithm until weights converge. We

set the convergence criterion so that at least 99.9% of weights from current

iteration must differ from weights from previous iteration by less than 10−10.

Therefore following must hold for at least 99.9% of weights:

10−10 < |wijk − wijk−1| (3)

where k stands for number of current iteration.

After weights converge, we use estimated parameters of our model to predict

6This recalculation is based on Ibrahim, 1990, equation 3.4. Be aware that we face opposite problem -

explained variables are missing, not explanatory variables are missing. However, method can be transfered

to our case.
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automatibilities for individuals in PIAAC data. Estimates of our model and

PIAAC variables are outlined in Appendix A.

Now, we apply the model to PIAAC data from Czech Republic. We begin

by again excluding observations with at least one variable missing from our

data, as the model is unable to make predictions on them. An obstacle

arises, as our model, which was trained on PIAAC US data was not able

to evaluate PIAAC CZ (from now on referring to Czech Republic) data.

The reason was that numerous categorical variables were handled as factor

variables in US data. However, new levels of these factor variables were

present in CZ data, which caused our model to be inapplicable to CZ data.

We divided this problem into two parts:

1. Educational Job Requirements variable had several new unknown fac-

tors. This was caused by differences in distincting between individual

programmes of ISCED 97 educational levels. While in US data was

no distinction between programmes of ISCED 3 level, in CZ data pro-

grammes of ISCED 4 level were not distincted. This was solved by re-

vising CZ data, values for different programmes of level ISCED 3 were

set the same to reflect the same factor level as in US data. Programmes

of ISCED 4 level were handled in similar way.

2. Apart from Educational Job Requirements, other categorical variables

had new factor levels which the model was unfamiliar with. Specifically,

all these factor levels were equal to ”R” or ”D”; ’refused to be stated’

or ’did not know’ respectively. We excluded observations concerned

by this problem, as there was no sensible way to revise them. Also,

excluding them led to loss of circa 20 observations, which we do not

recognize as a heavy loss considering that size of PIAAC CZ dataset is

more than 2400 observations.

After these adjustions, we were able to apply our model on PIAAC CZ

dataset.
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3.2 Further analysis of regional-level predictions

We divided results for the Czech Republic into individual regions on NUTS

2 level. Although we would rather inspect individual regions on NUTS 3

level, information regarding location is available only up to NUTS 2 levels

in PIAAC data.

AGZ inspected influence of micro-level factors from PIAAC data on au-

tomatibility. There is still very much potential for research in PIAAC data,

however we will analyze the risk of automatibility in context of macro-level

social and economic factors, which we suspect to be related to the risk of

automatibility. These factors are: labour market, wealth, health, life satis-

faction and education of residents, standard of living, inequality, state of en-

vironment and political participation. Estimating the relationship between

them and the risk of automatibility might provide us necessary ground to

discuss variation in our predictions and we might gain deeper insight into

future development of automatibility in macroeconomic view. In addition,

some of these social and economic factors can be directly or indirectly ma-

nipulated by government or policy makers. Therefore in case some of these

indicators prove themselves to be causal factors of automatibility, govern-

ment or policy makers can utilize this and manipulate them to influence

development of automatibility, lessening negative impacts of automatibility

on the economy and labour market.

We use data included available at OECD.Stat. These data contain macro-

level indicators for NUTS 2 regions of the Czech Republic. We selected these

data as we believe that the indicators they contain are very good at repre-

senting social and economic factors we research. PIAAC data were collected

between August 2011 to March 2012, therefore we take mean of values of

these indicators between years 2011 and 2012, so that they correspond to

data on which our predictions are based.

More specifically, our macro-level indicators are: Labour force participation

rate (% of labour force aged 15-64 over population aged 15-64), Unemploy-
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ment rate, GDP per capita, Shares of population with different levels of

education7, Share of NEET (NEET stands for ”Not in Education, Employ-

ment or Training”, we consider age range 18-24), Number of deaths per 1000

citizens, Life expectancy at birth, Shares of workers in agriculture, industry,

services and specifically manufacturing, GINI index8, Disposable household

income9, Number of homicides per 100 000 residents10, Life satisfaction,

Voter turnout (percentage of participation in last national selection), Air

Pollution and Poverty rate11.

In an ideal circumstances, we would estimate the relationship between risk

of automatibility and these variables via econometric model. However, this

cannot be done due to several reasons. In order to estimate the relationship

using econometric model, we need certain number of observations for the

model to be reliable. For that, we would need to increase the size of our

dataset in terms of number of observations (regions). That could be done by

predicting risk of automatibility in regions of countries, which are in terms

of fiscal policy and pace of introducing new technologies similar to Czech Re-

public (Germany, Austria, Poland, Slovakia and Hungary). Problem arises,

as PIAAC data from Germany lack information about NUTS 2 region of

respondents, we cannot distinguish between regions. Therefore we cannot

obtain regional predictions and enlarge our dataset sufficiently in order to

construct a model. Also, taking into account NUTS 2 regions of other coun-

tries would mean estimating relationship between our macro-level indicators

and automatibility in general, where Czech Republic would be represented

by only small fraction of observations. Therefore it would be possible, that

estimated results would not accurately represent Czech Republic.

Thus we analyze the relationship between risk of automatibility and the

7We divided population into three subgroups by highest achieved level of education: Below upper sec-

ondary education, Upper secondary and post-secondary non-tertiary education, Total tertiary education

(ISCED 2011 levels 5 to 8)
8Data for GINI index and Poverty rate come from 2013 due to inaccessibility of 2011 and 2012 data.
9Czech Koruna per head, constant prices

10Due to inaccessibility of 2011 or 2012 data, for Number of homicides, Voter turnout, Life satisfaction

and Air pollution we use 2014 data. We do not consider time deviation of these variables as too painful,

as these variables seem rigid.
11Value of poverty rate measured after taxes and transfers, poverty line set at 60% of median income.
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macro-level indicators in two different ways:

1. We compute Pearson correlation coefficient between share of workers at

high risk probability of automatibility and the macro-level indicators.

2. We regress share of workers with high risk probability of automatibility

on every one of these macro-level indicators using ordinary least squares

method.

4 Results in the US and the Czech Republic

In this chapter we review our predictions acquired by task-based approach

and discuss them. We begin by presenting results for the US and CZ. Then

we reflect on our approach, commenting on solutions of problems we faced,

which were not covered by AGZ. We also compare our predictions with

predictions by AGZ and argue for their variation.

4.1 Interpretation of results in the US and the Czech Republic

AGZ concluded that in US and CZ about 8.3% and 10% of workers re-

spectively fall into high risk category of being automated. If we compare

predictions acquired by AGZ with our predictions (see Table 1), we notice

that they differ. Our predictions of high risk workers in the CZ and the

Table 1: Shares of Workers’s Automatibilities in the US. and the Czech Republic in %

Low Risk Medium Risk High Risk

USA 27.0 61.5 11.5

Czech Republic 16.2 71.2 12.5

US are higher and disproportionate to those predicted by AGZ. This can be

attributed to multiple factors. First, our criteria of convergence for second

weight are very probably set differently as opposed to AGZ. Second, obser-

vations with value of least one variable missing are omitted in our model.

This holds for both US data and data from CZ. We are unaware how AGZ

solved the problem of observations with missing values. Considering that
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our model is trained on the US data, for which we omit some non-random

observations, our model might be different than the one estimated by AGZ.

In addition, with CZ data also being restricted, if predictions differ due to

variety in models, then also the shares of workers differ since omitted obser-

vations are not random.

We concluded that these observations are not random after close inspection

of both datasets. One of the most frequently missed values was the value

of Yearly income percentile rank category. Our hypothesis is that some

observed individuals with high income did not want to state their income

percentile to preserve their anonymity. AGZ already analyzed income and

probability of being automated and deduced that they are inversely propor-

tionate. Therefore we conclude that predicted share of medium and low risk

automatibility will be higher than share proposed by AGZ, which is true.

It makes sense to assume that for missing values of other variables similar

case holds, and its implications work analogically, depending on whether

correlation between missing variables and risk of automatibility is positive

or negative.

Also AGZ do not mention how they approached problem of no direct cor-

respondences between SOC and ISCO. Therefore, crosswalk we use (Hardy,

2016) might slightly differ from their solution, which results in even more

disparity across results.

Another complication we faced were new factor levels in CZ dataset (more

in chapter Methodology). While exclusion of twenty or so observations from

more than 2400 observations in PIAAC CZ data should not make significant

difference in results, it is worth of notation.

After taking the above mentioned discussion into account, the shift between

predictions by AGZ and our predictions behaves as expected.
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5 Results in the regions of the Czech Republic

In this section we focus on our NUTS 2 regional predictions and subsequent

analysis. We begin by simply presenting regional predictions, commenting

on obvious facts in their variation. Then we continue by presenting results

of our further analysis and divide analyzed macro-level indicators into two

groups: unsignificant and significant. This division is based on value of Pear-

son correlation coefficient and p-value of given variable in regression. After

that, we focus on every single of our macro-level indicators, commenting on

its results and explaining their background. Last, we will recapitulate our

findings and put them into context of policy making.

5.1 Regional predictions

Table 2 shows regional-level results for the Czech Republic rounded to one

decimal place.

Table 2: Shares of Workers’s Automatibilities in NUTS 2 regional level in the Czech

Republic in %

Low Risk Medium Risk High Risk

Prague 30.3 61.7 8.1

Central Bohemia 19.1 74.0 6.9

Southwest 13.8 77.5 8.7

Northwest 8.2 74.6 17.1

Northeast 17.5 68.0 14.4

Southeast 14.7 74.3 11.1

Central Moravia 10.2 70.5 19.3

Moravian-Silesian 15.2 69.6 15.2

Without deeper analysis, we can notice several interesting values at first

glance. Share of low risk workers is especially large in Prague, being more

than 35% higher than in other region. While this value is high, its origin

can be explained. Major role probably plays the fact that jobs, which are

not very prone to be automated are located in large cities and region Prague

refers only to city Prague and its agglomeration. However, we will not pay
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much attention to low risk results, as they are not an object of interest for

us. In terms of shares of workers falling into medium risk category, no region

seems to significantly deviate. Thus medium risk category does not seem to

provide us with potentially important information.

Most significant subject of interest for us are shares of workers falling into

high risk category. Surprisingly, lowest value of high risk category does

not belong to Prague but to Central Bohemian region and by more than

one percentage point. We assume that this disparity at least partly comes

from the fact that large part of residents of Central Bohemian region com-

mute to work to Prague on daily basis, while they are classified by place

of their permanent residence in Central Bohemian region. It makes sense

that the more lucrative, non-repetitive, harder-to-automate jobs are prac-

ticed at Prague and therefore many residents of Central Bohemian region are

employed at these jobs. Also living in Central Bohemian region and com-

muting to Prague might result into residents of Central Bohemian region

being incentivized to make more money to sustain their financially demand-

ing life and thus perform more lucrative jobs that are harder to automate.

That would also explain why Central Bohemian region seconds to Prague in

terms of low risk category. Oppose to Prague and Central Bohemian region,

high values of high risk category belong to Northwestern Central Moravian

and Moravian-Silesian region. Possible causes might be many, and we will

try to at least partly determine them in next sub-chapters.

In order to support the debate, we furthermore analyzed acquired regional

predictions. We regressed high risk values to macro-level indicators with

interceptions set defaultly to be non-zero. Information about variable coef-

ficients and Pearson’s correlation coefficients given Share of workers at high

risk probability of being automated to all other macro-level indicators can

be found in Appendix B.

If we compare PR (from now on referring to computed Pearson correla-

tion coefficients) and RR (from now on referring to regression results), we
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can notice that variables with low value of correlation tend to have high

p-value in regression12. Thus we can begin by excluding variables with weak

correlation (value of Pearson correlation coefficient being lower than 0.4) and

p-value higher than 0.25. Due to low amount of observations, p-values need

to be approached cautiously. Also, assumption of normality is questionable

in case of some of our macro-level indicators, therefore we choose borderline

p-value to be higher than is traditionally considered in the literature.

5.2 Insignificant macro-level indicators

According to our approach, we excluded several macro-level indicators as

insignificant: Share of Medium educated citizens, Shares of workers by em-

ployment in agriculture, manufacturing and services, Life satisfaction, Air

pollution, Number of Homicides per 100 000 inhabitants and GINI value for

individual regions.

Share of Medium educated citizens is not surprising to be excluded, as it’s

values deviate minimally across regions except for Prague, where low value

of share of medium educated residents is balanced by very high value of

highly educated citizens. Share of workers employed in agriculture comes as

no surprise either, mainly due to agriculture playing small role in the econ-

omy. Gini index’s correlation coefficient and p-value imply that there is little

to no connection between economic inequality and variability in shares of

workers falling to high risk category. This is very interesting, as we expected

inequality to be significant and positively related to high risk category.

The same stands for Life satisfaction variable. We anticipated significant

negative relation between Life satisfaction variable and high risk category

due to high risk category being connected to lower average standard of living.

Possible explanation is that people do not seem to account for the risk of

their job being automated. Air pollution and Number of homicides per 100

12We regress high risk category values always only on one variable, therefore p-value of this variable is

equal to p-value of the regression.
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000 inhabitants should have stood for the overall state of environment and

criminality rate, which is connected to overall safety. We think there might

exist connection between state of environment and high risk category given

that many high risk occupations are connected to pollution of the environ-

ment. We also think that overall criminality might be related to high risk

category. Unfortunately, Air pollution variable does not cover overall state

of environment and Number of homicides variable does not contain other

important variables from which we could make assumptions about safety,

such as drug abuse and non-lethal violence. However, we were not able to

find better proxy variables on NUTS 2 regional level in publicly available

data.

On the other hand, both correlation and p-value between high risk cate-

gory and Share of workers employed in services are borderline significant

with our parameters being set as they are (0.4 and 0.25 respectively). This

might result from not-dividing services to individual sub-variables, as they

probably differ in their high risk category of automation. Nevertheless, with

current correlation and p-value being insignificant for us, we decided to omit

services variable for now. Truly surprising for us was weakness of PR and

RR values supporting share of workers employed in manufacturing. While

relevant part of workers in CZ are employed in the area of manufacturing

and that manufacturing jobs tend to be prone to automation due to their

task-composition, we would expect manufacturing to play major role in con-

text of job automation.

5.3 Significant macro-level indicators

As we can see from PR and RR, shares of both low and high educated citizens

are related to high risk category of automation. This comes as no surprise

since AGZ already concluded that “automatibility strongly decreases in the

level of education and in the income of the workers: It is mostly low skilled

and low-income individuals who face a high risk of being automatable”.

Workers with higher achieved education tend to do jobs which are harder to
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automate and to receive higher income. For low-educated workers in general

the opposite holds. When we regress share of highly educated residents

on share of low-educated residents and compute their Pearson’s correlation

coefficient (see Table 3), we can see that these two variables are negatively

related and that this relation is significant, which only confirms our results.

Table 3: RR and PR of Share of high and Share of low educated citizens

term estimate std.error statistic p.value PR

‘Share of low educated citizens‘ -2.12 0.70 -3.02 0.02 -0.78

If we assume that population across regions possesses more or less the

same intelligence and potential in terms of studying, we are led to an idea

that high risk category is at least partly affected by quality of local edu-

cational institutions. While the main reasons for high share of high risk

workers are probably condition of local labour market, state of economy and

poor job opportunities, first step in improving current situation in our opin-

ion lies in improving education and having educated population. Educated

population naturally transforms labour market and therefore also the state

of economy. This statement holds even if our assumption of same intelli-

gence potential across regions does not strictly abide.

It is complicated to quantify regional state of economy, nonetheless we

can consider GDP per capita as one of aspects which can be used in describ-

ing it. From RR and PR we can see that GDP per capita is inproportionate

to high risk category. This makes sense; as more high risk jobs are present,

regional economy performs worse due to general lower level of education (see

previous paragraph), lower wages (AGZ) and other factors which we will ex-

amine next. However, it is important to take into account that Prague is an

outlier in terms of GDP per capita. If we omit this outlier, our RR improve

significantly (see Table 4), which only strengthens evidence supporting logic

behind this relation. On the other hand, GDP per capita is only a fragment
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Table 4: RR and PR of restricted regional GDP per capita and high risk category

term estimate std.error statistic p.value PR

GDP per capita −1.74 ∗ 10−6 5.68 ∗ 10−7 -3.07 0.03 -0.81

of the set of variables which describe state of economy and considering it a

perfect proxy variable for the state of economy would provide very distorted

view of the economy.

In regard to the state of economy, it is interesting to identify relation

between high risk category and income of residents. AGZ already examined

relationship between wage and risk of automatibility. We focused on this

link on regional level through Disposable household income variable. RR

and PR provides further evidence supporting hypothesis that income is in-

versely related to probability of being automated, which implies that workers

performing hard-to-automate jobs are in general wealthier than those who

do not. This only further confirms results of analysis by AGZ, but on macro-

level.

We will continue furthermore by inspecting Poverty variable, as poverty

is inversely related to average disposable household income. From PR and

RR we can see positive relationship between high risk category and poverty.

We already know that Disposable household income variable is inversely

related to high risk category to certain degree, however this implies that

this relationship maybe goes so far that jobs belonging to high risk category

pose risk for their workers to falling below poverty line. Nevertheless, while

some easy to automate jobs may be really make their performers prone to

living below the poverty line, there are other possible factors. For example,

ongoing automation in regions with high risk of automation might be causing

continual employment losses. Then local labour market in not able to process

structural changes and therefore rate of unemployment is not decreasing.

These unemployed residents are prone to live below poverty line, especially
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if unemployment prevails. This would mean that not so much high risk

category jobs are the reason for poverty, rather their cessation rate and

resulting employment losses might be responsible.

However, our methodology in this particular concern was based on defi-

nition of the line of poverty rate, which was set as 60% of median income

after taxes and transfers. Definition of this parameter is crucial in terms

of interpretation of results. It provides us no information about how large

fraction of population lives closely above poverty line, which might lead to

misleading results (Švihlı́ková, 2012).

We already mentioned unemployment as a possible factor behind variance

of high risk category. After subjecting it to analysis, we derived from PR

and RR that unemployment is positively related to high risk category. Our

hypothesis is that automation of jobs is a continuous process, and regions

with predicted high value at high risk category are subject to relatively

more intensive automation in present time. Local labour market is unable

to balance this structural change in the long term and higher rate of unem-

ployment persists.

This leads us to Labour participation rate variable, which is negatively re-

lated to high risk category. That only supports our hypothesis regarding

unemployment, that persisting unemployment and inability to find a job

might cause some workers to leave the labour force. Thus labour partici-

pation rate becomes smaller and negatively related to high risk category of

automation.

We also included NEET as one of variables which might be connected to

high risk category. According to PR and RR it is significant and positively

related. This is not unexpected, as NEET is obviously strongly connected

to Unemployment rate variable. Surprising might be the fact that in every

NUTS 2 region of the Czech Republic, value of NEET is higher than Un-

employment rate value, on average by roughly 55%. Therefore we conclude

that age group 18-2413 has significantly larger impact than is average. On

the other hand, both estimates of coefficients of regression and PR imply

13NEET comprises age group 18-24 in our data.
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that we should rather focus on general rate of unemployment.

We continue by reviewing RR and PR for the Industry variable, stand-

ing for share of population being employed in industry. From our results

we can assume that there exists positive relation between share of workers

at high risk of being automated and share of workers working in industry.

Most obvious explanation is that in general, jobs from industry sector are

easier to automate than jobs in general. Consequently, amount of human

labour in the industry sector should be getting smaller in foreseeable future.

The fact that share of workers employed in industry has been decreasing in

recent decades only supports this hypothesis, as we consider automation to

be continuous process. Workers employed in industry, whose occupations’s

attributes clearly make their occupations prone to automation should take

action to prevent being automated and then unemployed with only little

possible jobs options. Although correlation does not necessarily imply cau-

sation, in this case we presume that it does, since different explanations of

correlation between Industry variable and high risk category are much less

convincing than the one we stated.

Life expectancy at birth is the only one of our significant variables that is

only moderately correlated with high risk category of automation. PR in

combination with RR imply that higher life expectancy is unproportionate

to high risk category. But again, observed correlation does not necessar-

ily imply causation. More reasonable explanation than strict causation is

that workers falling to high risk category are more likely to be less educated

(AGZ), therefore more likely to have on average lower life expectancy (Sorlie

and Rogot, 1990). Higher achieved education and overall intelligence might

contribute to higher awareness about one’s health. Also, jobs that are more

likely to be automated tend to be paid less, therefore these workers might

not be able to financially support as healthy lifestyle as their more educated

peers, resulting into on average shorter life expectancy. Other factors may

play a role, such as local air pollution, rate of criminality or drug abuse,
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however we already mentioned the problematics of these variables. Worth

notation is that there are occupations with high mortality rate, for example

lumberjacks (Crockett, 2015). On the other hand, we do not expect their

numbers to be in population frequent enough to significantly shift local av-

erage life expectancy. To sum up, we believe that life expectancy and high

risk category are only correlated and that causation lies elsewhere.

Number of deaths per 1000 residents naturally follows variable concerning

life expectancy at birth, as these two are not independent (see Table 5).

Table 5: RR of Life expectancy regressed on Number of deaths per 100 000 residents, PR

term estimate std.error statistic p.value PR

Deaths per 1000 -2.93 0.70 -4.21 0.01 -0.86

Reasoning of relation between Number of deaths per 1000 residents and

high risk category is analogical to reasoning of relation between Life ex-

pectancy variable and high risk category. Probably due to education, lack

of finance and other factors workers exposed to high risk of automatibility

shift number of deaths per 1000 residents higher. However, we do not con-

sider distribution of age among population. There may exist a case, where

population in a region is overall highly aged, thus mortality rate is higher.

Hence, we must approach results of this variable with caution.

Last of our significant variables we will inspect is Voter turnout. PR and

RR show negative correlation between Voter turnout and high risk category,

which means that regions with lower participation rate at last national elec-

tion are regions with higher expected impact of automatibility. This seems

particularly interesting, as there is no obvious explanation of this relation-

ship. Origin of this correlation between propensity to vote and high risk

category might lie e.g. in education, political trust or satisfaction with cur-

rent state of politics. We already know that there is connection between

education and high risk category, however we would need new data and con-

duct thorough analysis in order to gain deeper insight into political trust

and satisfaction with current state of politics in relation to high risk cat-
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egory. Nevertheless, while gaining our interest, for now we do not expect

Voter turnout variable to provide us with more information regarding the

origin of variation in high risk category.

5.4 Discussion and value of our results for policy-making

To sum up, 12 out of our 20 macro-level indicators proved themselves to

be significant. Three of them are related to unemployment, and given their

results we conclude that automation is one of causations of unemployment

on macro-level. While this is hardly surprising, it provides policy makers

specification of NUTS 2 regions, where they ought to implement policies,

which would prevent or ease the impacts of automation. We suggest that

these policies might include requalification programmes, support of local in-

vestments and businesses or experimenting with pilot projects, for example

universal basic income.

While share of medium educated residents does not seem to make a big

difference, both higher level and lower level educated residents seem to af-

fect high risk category of automation. As we discussed before, education of

workers affects state of labour market, on which number of high risk occu-

pations is dependent. In our opinion, this could be solved by having more

educated population. Educated workers tend to improve the state of labour

market and create new job opportunities. Also, they are prone to not per-

form easy-to-automate jobs. Thus, this could be solved by policies aiming

at improving quality of education provided by local educational institutions.

In context of economy sectors, policy makers should focus on industry, as

industry sector seems to be heavily impacted by automation in near future.

This could be used to better identify targets of policies implementation,

such as industrial businesses and areas with large concentration of indus-

try. In addition, making policies for specific sector or area can benefit from

economies of scale, resulting in these policies being cheaper per worker than

policies in other sectors or areas.

To sum up remaining variables, jobs with high risk of automation tend to
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be linked to overall worse standard of living, lower economic performance,

lower income, shorter life-span and poverty. Policies improving conditions

of living in badly affected regions ought to be implemented. Improvements

in standard of living for high risk category group might serve as an oppor-

tunity and possibly motivation for affected workers to take initiative and

participate more in implemented policies and education.

6 Conclusion

This thesis aimed to identify the threat automation poses in NUTS 2 level

regions of the Czech Republic and provide suggestions for government and

policy makers, on which social and economic variables should new policies

be targeted in order to minimize and prevent this threat.

We replicated the work by AGZ with focus on NUTS 2 regions of the Czech

Republic using PIAAC data. Therefore we created a model evaluating the

risk automation poses in regions of the Czech Republic. We regard creation

of the model and acquisition of unique predictions as first part of our con-

tribution, as to our best knowledge, no paper using the task-based approach

with similar area of focus has been written yet. From our predictions it

can be seen that three regions that are most threatened by automation are

Northwestern region, Moravian-Silesian region and Central Moravia.

Then we continued to inspect regional predictions and further analyze them

in context of 20 macro-level indicators, which we suspected from being linked

to high risk category of automation. We regressed high risk category of pre-

dictions on every one of the macro-level indicators and also computed value

of Pearson’s correlation coefficient between each of these variables and high

risk category of predictions. From regression results and values of Pearson

correlation coefficients we deemed which of these indicators are significant:

Labour participation rate, Unemployment rate, Share of people living be-

low poverty line, Number of deaths per 1000, Disposable household income,

Shares of low and highly educated citizens, Share of employment in industry,
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GDP per capita, Voter turnout, Life expectancy and Share of NEET. Then

we discussed potential causality of these variables to high risk category of

predictions.

We conclude that policies aiming to improve current situation and lessen fu-

ture impacts of automation and robotisation should be focused especially in

regions more threatened by automation. Also, these policies ought to be tar-

geted on increasing quality of educational institutions, lowering unemploy-

ment rate in the long run, improving standard of living and to requalification

and new job opportunities for workers at high risk of being automated, es-

pecially in industry sector. There they might prove themselves to be more

effective in term of their costs than in other sectors due to economies of

scale. In addition, this might serve as an opportunity to experiment with

pilot projects such as universal basic income. We consider identification of

these macro-level indicators, estimation of their relationship to automatibil-

ity and suggestion of possible policies to government and policy makers as

second part of our contribution.

In order to to support future research we present our methodology, deriva-

tions and results in most open and accessible way possible. Also, where we

were not able to provide details or explanation, we included references to

more advanced literature devoted to these topics. We believe that this the-

sis can serve as basis for future research in this area, especially since results

for 2nd cycle of PIAAC data collection are supposed to be published in 2023.
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8 Appendix A

In this appendix is summary for weighted Generalized Linear Model. Labels

of variables in our model correspond to their labels in PIAAC dataset. Also,

duplicates of some variables differing in suffix corresponds to different levels

of these variables, which are considered factors.

Table 6: Summary of weighted Generalized Linear Model

Estimate Std. Error z value Pr(>|z|)

(Intercept) 1.77 0.11 15.89 0.00

GENDER R -0.12 0.02 -7.52 0.00

AGEG5LFS 0.00 0.00 1.07 0.28

EDLEVEL3 -0.26 0.02 -16.75 0.00

PVLIT1 0.00 0.00 1.51 0.13

PVLIT2 -0.00 0.00 -0.04 0.97

PVLIT3 -0.00 0.00 -1.32 0.19

PVLIT4 0.00 0.00 0.02 0.99

PVLIT5 0.00 0.00 0.30 0.77

PVLIT6 -0.00 0.00 -1.36 0.18

PVLIT7 0.00 0.00 2.44 0.01

PVLIT8 -0.00 0.00 -3.20 0.00

PVLIT9 0.00 0.00 1.78 0.08

PVLIT10 -0.00 0.00 -2.18 0.03

PVNUM1 -0.00 0.00 -0.76 0.45

PVNUM2 -0.00 0.00 -3.76 0.00

PVNUM3 0.00 0.00 1.73 0.08

PVNUM4 0.00 0.00 0.83 0.41

PVNUM5 -0.00 0.00 -1.44 0.15

PVNUM6 0.00 0.00 0.94 0.35

PVNUM7 -0.00 0.00 -1.43 0.15

PVNUM8 0.00 0.00 4.62 0.00

PVNUM9 -0.00 0.00 -3.35 0.00
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PVNUM10 0.00 0.00 3.21 0.00

PVPSL1 -0.00 0.00 -1.67 0.09

PVPSL2 0.00 0.00 4.36 0.00

PVPSL3 -0.00 0.00 -4.76 0.00

PVPSL4 -0.00 0.00 -3.52 0.00

PVPSL5 -0.00 0.00 -1.17 0.24

PVPSL6 -0.00 0.00 -1.04 0.30

PVPSL7 -0.00 0.00 -2.87 0.00

PVPSL8 0.00 0.00 7.47 0.00

PVPSL9 0.00 0.00 3.73 0.00

PVPSL10 -0.00 0.00 -1.63 0.10

D Q032 -0.13 0.02 -6.68 0.00

D Q033 -0.42 0.03 -15.30 0.00

D Q03D 0.06 0.12 0.53 0.60

D Q06a2 0.06 0.02 2.47 0.01

D Q06a3 0.14 0.02 5.92 0.00

D Q06a4 0.14 0.03 5.38 0.00

D Q06a5 0.04 0.03 1.26 0.21

D Q06aD -0.11 0.16 -0.67 0.50

D Q06aV -0.43 0.06 -6.75 0.00

D Q08a2 0.19 0.02 9.82 0.00

D Q08aD -1.93 0.52 -3.74 0.00

D Q12a11 -0.37 0.05 -7.29 0.00

D Q12a12 -0.72 0.05 -14.62 0.00

D Q12a13 -1.05 0.05 -19.18 0.00

D Q12a14 -1.34 0.08 -17.72 0.00

D Q12a2 -0.38 0.11 -3.56 0.00

D Q12a3 -0.12 0.05 -2.25 0.02

D Q12a7 0.05 0.04 1.22 0.22

D Q12a9 -0.14 0.05 -2.92 0.00

D Q12aD 0.82 0.37 2.22 0.03
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D Q12c2 -0.10 0.03 -2.93 0.00

D Q12c3 -0.09 0.02 -3.75 0.00

D Q12c4 0.06 0.03 1.88 0.06

D Q12c5 0.00 0.02 0.17 0.86

D Q12c6 -0.00 0.03 -0.05 0.96

D Q12cD -0.38 0.12 -3.18 0.00

D Q16a2 -0.32 0.05 -6.16 0.00

D Q16a3 -0.07 0.03 -2.07 0.04

D Q16a4 -0.16 0.03 -5.66 0.00

D Q16a5 -0.08 0.04 -1.99 0.05

D Q16a6 -0.09 0.02 -4.08 0.00

D Q16a7 0.19 0.13 1.42 0.16

G Q042 -0.12 0.03 -4.55 0.00

G Q062 0.05 0.02 2.60 0.01

G Q063 -0.13 0.04 -3.46 0.00

G Q06D -0.72 0.30 -2.41 0.02

F Q01b2 0.26 0.04 7.29 0.00

F Q01b3 0.08 0.04 2.14 0.03

F Q01b4 0.07 0.04 1.98 0.05

F Q01b5 0.16 0.04 4.61 0.00

F Q01bV 0.35 0.05 6.32 0.00

F Q02a2 -0.29 0.04 -6.97 0.00

F Q02a3 -0.02 0.04 -0.38 0.70

F Q02a4 -0.14 0.03 -4.12 0.00

F Q02a5 -0.02 0.03 -0.67 0.50

F Q02b2 0.01 0.02 0.22 0.83

F Q02b3 -0.01 0.03 -0.50 0.61

F Q02b4 -0.06 0.03 -2.25 0.02

F Q02b5 -0.24 0.03 -9.43 0.00

F Q02c2 -0.09 0.02 -4.11 0.00

F Q02c3 -0.20 0.03 -7.80 0.00
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F Q02c4 -0.16 0.03 -5.31 0.00

F Q02c5 -0.28 0.03 -9.30 0.00

F Q02cD -0.31 0.26 -1.21 0.23

F Q02d2 0.14 0.03 4.69 0.00

F Q02d3 0.01 0.03 0.18 0.86

F Q02d4 0.13 0.04 3.67 0.00

F Q02d5 0.32 0.02 16.43 0.00

F Q02dD -0.03 0.16 -0.18 0.86

F Q02e2 -0.01 0.03 -0.24 0.81

F Q02e3 -0.09 0.03 -2.72 0.01

F Q02e4 -0.07 0.03 -2.29 0.02

F Q02e5 -0.02 0.03 -0.63 0.53

F Q03a2 0.04 0.03 1.34 0.18

F Q03a3 -0.10 0.03 -3.12 0.00

F Q03a4 -0.07 0.03 -2.21 0.03

F Q03a5 -0.10 0.03 -4.17 0.00

F Q03aD -0.58 0.19 -3.11 0.00

F Q03b2 -0.04 0.03 -1.54 0.12

F Q03b3 -0.01 0.03 -0.37 0.71

F Q03b4 -0.07 0.02 -2.84 0.00

F Q03b5 -0.22 0.02 -9.58 0.00

F Q03bD 1.18 0.35 3.37 0.00

F Q03c2 0.02 0.04 0.50 0.62

F Q03c3 0.19 0.04 4.63 0.00

F Q03c4 -0.04 0.04 -1.07 0.28

F Q03c5 0.03 0.03 1.32 0.19

F Q04a2 -0.05 0.03 -1.71 0.09

F Q04a3 -0.18 0.03 -5.88 0.00

F Q04a4 -0.23 0.03 -8.92 0.00

F Q04a5 -0.29 0.02 -12.63 0.00

F Q04aD 0.52 0.23 2.31 0.02
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F Q04b2 0.09 0.03 3.31 0.00

F Q04b3 0.04 0.03 1.24 0.22

F Q04b4 0.08 0.03 3.21 0.00

F Q04b5 0.13 0.02 5.86 0.00

F Q04bD 0.51 0.24 2.14 0.03

F Q05a2 0.06 0.05 1.25 0.21

F Q05a3 -0.05 0.05 -1.02 0.31

F Q05a4 -0.04 0.04 -0.82 0.41

F Q05a5 0.01 0.04 0.19 0.85

F Q05b2 -0.00 0.03 -0.03 0.97

F Q05b3 0.13 0.03 4.96 0.00

F Q05b4 -0.01 0.03 -0.47 0.64

F Q05b5 -0.06 0.03 -1.88 0.06

F Q05bD 0.81 0.24 3.35 0.00

F Q06b2 -0.02 0.03 -0.61 0.54

F Q06b3 -0.02 0.03 -0.50 0.61

F Q06b4 0.10 0.03 3.69 0.00

F Q06b5 -0.05 0.02 -2.27 0.02

F Q06bD 0.23 0.29 0.81 0.42

F Q06c2 0.01 0.05 0.25 0.80

F Q06c3 -0.11 0.05 -2.47 0.01

F Q06c4 0.06 0.04 1.57 0.12

F Q06c5 0.18 0.03 7.10 0.00

F Q07a2 -0.17 0.03 -6.00 0.00

F Q07aD -0.27 0.27 -0.99 0.32

F Q07b2 0.04 0.02 2.01 0.04

G Q01a2 0.11 0.03 3.47 0.00

G Q01a3 0.04 0.03 1.30 0.19

G Q01a4 0.02 0.03 0.65 0.52

G Q01a5 0.07 0.03 2.57 0.01

G Q01d2 -0.15 0.02 -6.77 0.00

38



G Q01d3 -0.16 0.02 -6.38 0.00

G Q01d4 -0.26 0.03 -10.16 0.00

G Q01d5 -0.08 0.03 -2.70 0.01

G Q01e2 -0.08 0.02 -3.85 0.00

G Q01e3 -0.12 0.03 -4.30 0.00

G Q01e4 -0.06 0.03 -1.97 0.05

G Q01e5 -0.43 0.03 -15.51 0.00

G Q01f2 0.06 0.02 2.60 0.01

G Q01f3 0.02 0.03 0.77 0.44

G Q01f4 0.02 0.03 0.72 0.47

G Q01f5 0.11 0.03 3.84 0.00

G Q02b2 -0.15 0.03 -5.81 0.00

G Q02b3 -0.20 0.04 -4.79 0.00

G Q02b4 -0.24 0.05 -4.99 0.00

G Q02b5 0.07 0.07 0.90 0.37

G Q02d2 -0.06 0.03 -2.20 0.03

G Q02d3 -0.02 0.03 -0.64 0.52

G Q02d4 0.05 0.03 1.66 0.10

G Q02d5 -0.02 0.02 -1.07 0.28

G Q03c2 0.12 0.03 4.27 0.00

G Q03c3 0.10 0.03 3.39 0.00

G Q03c4 0.12 0.03 4.44 0.00

G Q03c5 0.17 0.02 8.59 0.00

G Q03h2 0.01 0.03 0.49 0.62

G Q03h3 0.03 0.04 0.70 0.48

G Q03h4 -0.08 0.04 -2.23 0.03

G Q03h5 0.05 0.04 1.31 0.19

G Q03hD -0.18 0.30 -0.60 0.55

G Q05c2 -0.08 0.04 -2.26 0.02

G Q05c3 -0.25 0.04 -7.11 0.00

G Q05c4 -0.18 0.03 -6.21 0.00
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G Q05c5 -0.08 0.03 -2.73 0.01

G Q05g2 0.12 0.04 3.28 0.00

G Q05g3 0.03 0.05 0.65 0.51

G Q05g4 -0.32 0.05 -6.15 0.00

G Q05g5 -0.18 0.05 -3.78 0.00

G Q05h2 -0.07 0.02 -2.86 0.00

G Q05h3 -0.02 0.03 -0.75 0.46

G Q05h4 -0.04 0.03 -1.26 0.21

G Q05h5 0.08 0.04 2.16 0.03

YEARLYINCPR -0.06 0.01 -9.13 0.00
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9 Appendix B

In this appendix we present estimated results from regression of high risk

category on every one of our macro-level indicators and values of Pearson

correlation coefficient. First four columns are related to regression, last one

refers to Pearson correlation coefficient. As we already mentioned, in the

regressions we considered non-zero intercepts, however for clarity of results

we excluded intercepts in following paper.
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Table 7: Results of analysis of macro-level indicators

estimate std.error p.value r squared Pearson’s correlation

coefficient

Significant variables

Labour participation rate -0.02 0.01 0.01 0.66 -0.88

Unemployment rate 0.02 0.00 0.01 0.66 0.88

Share of people living

below poverty line 0.85 0.30 0.03 0.57 0.86

Deaths per 1000 0.11 0.04 0.03 0.55 0.79

Disp. Hous. Income -0.00 0.00 0.05 0.51 -0.90

Share of low educated citizens 0.01 0.00 0.08 0.42 0.72

Share of NEET 0.01 0.00 0.09 0.41 0.83

Voter turnout -0.01 0.00 0.13 0.34 -0.71

Life expectancy -0.02 0.01 0.14 0.32 -0.45

Share of highly educated citizens -0.00 0.00 0.16 0.30 -0.74

Share of employment in Industry 0.25 0.17 0.20 0.25 0.79

GDP per capita -0.00 0.00 0.23 0.23 -0.83

Insignificant variables

Share of employment in services -0.19 0.16 0.29 0.18 -0.38

Share of employment

in manufacturing 0.22 0.20 0.30 0.17 0.17

Share of medium

educated citizens 0.00 0.00 0.32 0.17 0.24

Number of

homicides per 100 000 0.02 0.03 0.51 0.08 0.29

GINI value -0.35 0.91 0.72 0.02 0.06

Share of employment

in agriculture -0.38 1.11 0.75 0.02 -0.29

Air pollution 0.00 0.01 0.80 0.01 0.10

Life Satisfaction -0.00 0.09 0.98 0.00 0.05
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