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A B S T R A C T   

What is the impact of automation on public sector employment? Using machine learning and natural language 
processing algorithms, this study estimates which occupations and agencies of the Brazilian Federal Government 
are most susceptible to automation. We contribute to the literature by introducing Bartik Occupational Tasks 
(BOT), an objective method used to estimate automation susceptibility that avoids subjective or ad hoc classi
fications. We show that approximately 20% of Brazilian public sector employees work in jobs with a high po
tential of automation in the coming decades. Government occupations with lower schooling and lower salary 
levels are most susceptible to future automation.   

1. Introduction 

Automation technology studies discuss future changes in the labor 
market reflecting general concern for the risk of unemployment caused 
by replacing humans with machines [1,25]. Despite the volume and 
quality of the literature, there is no record of studies that consider the 
distinction between the private sector and public sector occupations. 

While the private sector has the necessary flexibility to adjust to 
technical changes by means of hiring, firing, and reallocating employees 
relying on price signal mechanisms, public sector rigidity hinders it from 
adjusting its labor force to address technological change. In the absence 
of a market mechanism, the allocation of workers is based on planning 
decisions made by government administrators. The Brazilian State’s 
well-known and persistent problems reduce the rhythm of incorporation 
of new automation technology, contributing to the lag in public sector 
productivity compared to that of the private sector [50]. 

This research sets out to identify those occupations in which auto
mation technology could be introduced to increase the productivity of 

public services and reduce costs. To that end, it presents predictive al
gorithms to determine the susceptibility to automation of occupations in 
the sphere of the Federal Executive branch in Brazil, enabling quanti
tative analysis of the impacts stemming from the introduction of auto
mation by federal government agencies. 

Regarding automation forecasts, the international literature [5,6,25, 
51] and the national literature [3,4,38] are based on experts’ opinions in 
that area. This work innovates by applying an objective method inspired 
by the Bartik Instruments method [12], making it possible to estimate 
the occupational trajectory based on information observed in the labor 
market. The proposed method, known as Bartik Occupational Tasks 
(BOT), could be helpful not only for the federal government but also for 
other national and international federative entities. 

Natural Language Processing (NLP) and Machine Learning algo
rithms have made it possible to extract quantitative information from 
texts that list the tasks involved in each one of the 2627 occupations 
listed in the Brazilian Classification of Occupations (Classificação Brasi
leira de Ocupações – CBO). This was the starting point for estimating the 
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susceptibility to automation of the 398 occupations in the public sector. 
Access to the complete microdata of around 520,000 government em
ployees registered in the Integrated Personnel Administration System 
(Sistema Integrado de Administração de Recursos Humanos – SIAPE) in 
December 2017, combined with the descriptive texts of Brazilian occu
pations listed in the CBO and information identified in the Annual Social 
Information Report (Relação Annual de Informações Sociais – RAIS) 
formed the database for this research. 

This article’s main contribution is to draw a detailed profile of the 
potential impact of automation in empirical terms. It shows that 20% of 
civil servants have occupations that are highly susceptible to being 
automated. Those occupations are commonly associated with lower 
schooling and lower salary levels. 

2. Automation and employment: a literature review 

Despite the undeniable long-term gains innovation can provide, 
studies on innovation have focused on private organizations in both 
private and public sectors. In the public sector, even small innovations 
can yield significant outcomes and spillovers to society [7]. Conditions 
vary across public organizations, but management and organizational 
strategies play essential roles in public sector innovation [22]. 

As defined by the OECD Oslo Manual [43], “an innovation is the 
implementation of a new or significantly improved product (good or 
service), or process, a new marketing method, or a new organizational 
method in business practices, workplace organization or external re
lations”. Since mechanisms of control and backup are in place, techno
logical innovations, such as digitalization and Artificial Intelligence 
(AI), can provide better means of participation and legitimacy, a more 
efficient government [47], improved institutional quality, and less cor
ruption [2]. 

Artificial Intelligence has been used as a broad concept with various 
definitions. It can be understood as "a system’s ability to interpret 
external data correctly, to learn from such data, and to use those 
learnings to achieve specific goals and tasks through flexible adaptation" 
[37]. Its constituent technologies include machine learning, reinforce
ment learning, artificial neural networks, deep learning, computer 
vision, and other techniques that are being rapidly developed [18]. 

As Artificial Intelligence technologies extended their applications to 
the labor market, fears over technological unemployment and social 
tensions reemerged [33]. The literature on technological unemploy
ment1 provides evidence that the introduction of new information 
technology has made it feasible to automatize tasks formerly carried out 
by workers. The horizon of tasks susceptible to automation moves pro
gressively towards tasks of greater complexity. Tasks considered to be 
routine today are no obstacle to the advances of technology. Automation 
has the potential to progress from the replacement of the simplest tasks 
to the most abstract ones in a question of decades [25]. Against that 
background, it can be considered that a profession tends to be elimi
nated once the greater part of its activities has been replaced. Alterna
tively, the profession may transform itself into another, aggregating new 
tasks under a new denomination. There is no guarantee that new oc
cupations will appear at the same rate or that the respective adjustment 
will be painless [26]. 

Therefore, society accompanies with apprehension the identification 
of occupations susceptible to automation [11,33]. According to Autor 
[11], journalists and the media at large tend to underestimate the 
outreach of replacement of human labor by machines and ignore the 
strong complementarity between labor and automation. It can increase 

productivity, raise salaries and increase the demand for labor on cheaper 
services and new occupations. Identifying the occupations most affected 
by automation and the latter’s impacts on the labor market is no light 
task, and as of yet, it cannot rely on the support of consolidated litera
ture and methodologies. 

Recent research efforts are conflicting in regard to the magnitude of 
transformations and impacts that such technology can cause through 
jobs elimination. The discordancy in the results can be traced with the 
occupation-based [25] or task-based [5,6] estimation methodologies 
employed. The occupation-based approach to automation seeks to 
identify those professions with a tendency to disappear in the coming 
decades and identify the impacts of technological unemployment on 
salaries, inequality, and income polarization. Using this approach, Frey 
and Osborne [25] and McKinsey Global Institute [41] have estimated 
that around 47% of jobs in the United States are at high risk of dis
appearing in the next three decades due to automation of the respective 
professions. 

Frey and Osborne [25] adopted a methodology that attributed 
automation probabilities to each profession according to their identifi
cation of bottlenecks characteristics and classified the activities as being 
at high or low risk of being automated. In the effort to develop predictive 
models, they estimated the possible results of automation based on the 
opinions of a group of machine learning experts. The 70 occupations for 
which the authors felt sure all the tasks could be automated were 
manually classified and used as information to train the model. Based on 
that training, the authors inferred the automation probability for over 
900 professions listed in the Standard Occupational Classification (SOC). 

In Brazilian formal labor market studies, Albuquerque et al. [3,4] 
adapted Frey and Osborne’s methodology but relied on the assessments 
of 69 Artificial Intelligence experts. They estimated that 54.5% of the 
45.9 million jobs are in occupations for which the probability of auto
mation is high or very high. They considered the probability to be high 
for those occupations that lay in the third quartile of the automation 
probability distribution and very high for those that reside in the upper 
quartile. 

Some criticism of these high percentages of workers in occupations at 
high risk of being automated has emerged in the literature. First, Arntz, 
Gregory and Zierahn [5,6] considered that occupation-based estimates 
provide overestimations of the degree of automation. Even in those jobs 
considered to be at high risk of automation, some of the tasks that 
workers carry out may be difficult to automate. Automation’s impact on 
occupations is heterogeneous, and, furthermore, they are capable of 
being remodeled and taking on a new character, qualification, and 
denomination. 

Second, subjective classification could confuse the potential for 
automation and the drop in employment levels in the occupations in 
question. In turn, automation may be technologically feasible but not 
economically viable [5]. Arntz, Gregory and Zierahn [5,6] proposed an 
alternative form of automation probability estimation based on the tasks 
involved in each occupation; a more disaggregated level that makes it 
possible to incorporate the heterogeneity among workers. Using this 
approach, they estimated that in the developed countries selected for 
their study, just 9% of the workers are in occupations that are at high 
risk of disappearing. 

In Brazil’s case, Kubota and Maciente [38] have estimated that 
56.5% of the formal employment positions in the country are in occu
pations vulnerable to automation, based on a scenario of already 
consolidated technologies and others that could be implemented, in 
harmony with the regulatory framework, within the next five years. 
Using 19 thousand tasks described in the O*NET database, they con
structed a dictionary of keywords associated with automation based on 
the classification of activities according to their routine requirements 
and cognition as proposed for Germany in Spitz-Oener [49]. 

Maciente, Rauen and Kubota [40] showed that, compared to devel
oped countries, most of the labor activity in Brazilian occupations is in 
intense activities using routine skills and low cognitive levels. The 

1 Cross-cutting discussions of technological unemployment and automation, 
which however are not central issues for this study, are those addressing the 
yields of education, and technological change by skills [1,24,26,30], off
shoreability [14,36], and inequality and polarization in the labor market [8,9, 
28,29,35]. 
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literature indicates that operation and control tasks that are routine and 
depend on physical aptitudes tend to lose space in the labor market 
compared to those demanding greater qualifications. Making use of 
automation probabilities as in Albuquerque et al. [3], Maciente, Rauen 
and Kubota [40] consider that occupations highly likely to be automated 
represent 29% of the employment offer in Brazil. 

It can be seen, therefore, that the current estimates are discordant 
about automation potential in Brazil. These studies fail to consider the 
specificities and dynamics of the public sector occupations compared to 
those in the private sector. Furthermore, they place their trust in the 
attribution of automation in ad hoc or subjective classifications. 

3. Methodology and data 

3.1. Estimation of automation’s technological frontier 

The objective of estimating the technological frontier is to identify 
automation tendencies in the private sector that could be replicated in 
the public sector, adopting a new empirical approach to classify occu
pations that could be automated. The appreciation of the method arises 
from the presupposition that public sector automation is already lagging 
behind the relevant technological frontier. 

If this delay is maintained, then potentially, the public sector will 
reproduce the recent tendencies of the respective frontier. The selected 
frontier was that of the State of São Paulo in the period 2010 to 2018. 
São Paulo has the highest average income among the Brazilian states and 
concentrates investments in information and communications 
technologies. 

However, it is not sufficient to observe which occupations presented 
variations in employment levels because factors other than automation 
can also lead to such variations. To address this aspect, the study uses a 
similar construction to the Bartik Instrument, also known as Shift-Share 
Instrument. 

Shift-share analysis enables the decomposition of local employment 
growth in the light of national, structural and differential effects. 
Although it is a traditional method in the area of Regional Economics 
[23], the technique was revived based on the work of Bartik [12] and 
Blanchard and Katz [13], who made use of its components as an 
instrumental variable.2 That decomposition of regional (or local) growth 
can be visualized as: 

Local
Growth =

National
Effect +

Structural
Effect +

Differential
Effect (1) 

In the regional Shift-Share method, the national effect represents that 
portion of the local employment growth that resulted from growth in 
employment in the country as a whole. The structural effect represents 
the proportion of the changes in local employment resulting from 
growth in employment at the national level. The differential effect 
represents the variation in employment due to factors internal to the 
localities that cannot be explained by national or structural effects. 

In the context of automation of occupations, every effort was made to 
detect the effect of those variations on the occupations of local factors 
that cannot be explained by national or sector growth. That effect will be 
used as the dependent variable in training for automation susceptibility 
prediction, conditioned to the tasks of the occupations in accordance 
with the details set out in subsection 3.2. 

In order to find the differential effect of automation, the Shift-Share 
method is adapted to control for the effects of sector employment 
growth instead of those of regional growth. Table 1 displays the modi
fication of the Regional Shift-Share model to the Occupational one in 

response to the introduction of information on sectors and occupations. 
Where aij indicates the employment of Region i in Sector j, in contrast 

to the modified method, whereby Sector replaces Region and considers 
the category Occupation instead of the former Sector. Thus, bij indicates 
the employment of Occupation j in Sector i. 

These alterations mean that ‘National effect’ now represents the 
growth in employment as a whole; ‘Structural Effect’ represents the 
change in the sector employment as a result of the national growth in 
sector employment; and the Differential Effect represents the variation 
in sector employment due to internal changes in the occupations. 

More specifically, the differential effect shows changes in the dis
tribution of employment among the occupations after removing the ef
fects of total growth and the growth in each sector. That change in 
composition of employment positions within the sectors is attributed to 
the production technologies which restructure the relations of replace
ment (or complementarity) between capital and labor stemming from 
the introduction of automation technologies in the labor market. 

With the automation estimations for the technological frontier in 
hand, the next step is to attribute changes to the occupation tasks and 
generalize them to the occupations of the Federal Executive Branch. 

3.2. Prediction of automation susceptibility 

This study estimates the impact of automation on the tasks that 
compose each occupation rather than directly to the occupation itself. 
Thus, it uses the results of the preceding stage to construct the Bartik 
Occupational Tasks (BOT) method to predict susceptibility to automa
tion based on the tasks of each occupation. 

The tasks inherent to each occupation were obtained from the CBO 
2002 Activities Matrix. The activities matrix displays the tasks that 
constitute each occupation. For example, the occupation ‘Administrator’ 
(252105) lists tasks such as ‘Administer organizations’, ‘Elaborate 
organizational planning’, ‘Implement projects and programs’, and so on. 

Natural Language Processing (NLP) algorithms make it possible to 
weigh the terms of those activities that constitute each occupation and 
identify their contribution to the differential effect of automation esti
mated in the preceding stage. With that, it is possible to generalize the 
susceptibility to automation to all the other occupations based on the 
relative weights of the tasks. 

The Term Frequency–Inverse Document Frequency (TF-IDF) tech
nique is used to calculate the relative weights of the tasks. The value of 
the TF-IDF increases proportionally to the frequency of occurrence of a 
word in a given text extract in relation to the number of texts that 
contain the word. Ramos [46] proposed the following formula: given a 
set of documents D, a term or word w, and a single document d ∈ D, the 
calculation is: 

wd = fw,d*log(|D|
/

fw,D) (2)  

where fw,d is the number of times that w appears in d, |D| is the size of the 
set of texts (corpus), and fw,D is the number of documents in D in which w 
appears. Whenever a high value is obtained for wd it implies that w is an 
important word in d, but not very common in D. Therefore, the term w 
has discriminatory power in relation to the overall set of texts [46]. 

The main limitation of the TF-IDF method is that it is impossible to 
identify the grammatical flexions of the same term [44]. Spellings such 
as ‘analyzed’, ‘analyze’ or ‘analyze’ will each be treated as being 

Table 1 
Modification of the Shift-Share method from regional to occupational model.  

a) Regional Shift-Share b) Occupational Shift-Share  

Region 1 Region j  Occupation 1 Occupation j 

Sector 1 a11  a1j  Sector 1 b11  b1j  

Sector i ai1  aij  Sector i bi1  bij   

2 For a critique of the use of the Bartik Instrument, see Goldsmith-Pinkham 
et al. [27] and Jaeger et al. [34]. In the case of Brazil, Dix-Carneiro [20]; 
Dix-Carneiro, Soares and Ulyssea [21]; Macedo and Monasterio [39], and 
others have applied the Bartik Instrument to the RAIS data. 
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different terms. To avoid that, before applying the TF-IDF method, a 
stemming procedure is carried out that links variations of terms to a 
single common root. In addition, another procedure discards 
stop-words, that is, phrase-connecting words such as conjunctions as 
well as numbers and special characters that have no semantic value for 
the analysis. 

TF-IDF analysis of the CBO Activities Matrix offers a weighting 
scheme that makes it possible to diminish the importance of common 
terms to the tasks of other occupations and emphasize those singular 
tasks that differentiate them. Thus, in this case, D is the overall set of 
20,003 activity descriptions of 2601 occupations resulting in 47 million 
words. Lastly, the measurement of the importance of the tasks within a 
given occupation is calculated as the sum of the wd relative weights 
obtained. The resulting matrix has 2341 weighted terms for 2,601oc
cupations. 

The Bartik Occupational Tasks (BOT) method is then constructed 
based on the TF-IDF results with the differential effect. The BOT con
siders the relative importance of each task within the respective occu
pation as an explanatory variable for automation susceptibility obtained 
from the differential effect of the technological frontier. The model in (3) 
below is used to directly attribute the differential effect to the terms that 
make up the tasks of each occupation. 

BOT = f (wd111term111,…,wdijktermijk) (3)  

where BOT attributes the estimated differential effect for the techno
logical frontier on wd weights found for each of the terms i, which 
constitute the tasks j of each occupation k obtained through the appli
cation of the TF-IDF method. 

To find the best model for prediction and following the best practices 
in the field of machine learning, a sample of 2601 occupations is 
randomly divided into sub-samples, each with 70% of the original 
sample size, and separated into a training and test set. The models are 
constructed using the data obtained from the training set attributing a 
relative importance value to each of the explanatory variables. Then the 
model’s performance is assessed using the test set. The selected model is 
then used to generalize the relative importance to all the occupations in 
the CBO database, based on the importance of the tasks. 

Various econometric and machine learning methods were tested to 
identify which one gave the best general prediction performance with 
the test data. The Random Forest Regression method [17] was selected 
based on assessments of its accuracy and predictive power in compari
son to linear regression and logistics models and other machine learning 
methods such as Support Vector Machines (SVM), Support Vector 
Regression (SVR), and Decision Trees. 

Random Forest methods have become popular due to their good 
prediction performance especially in sparse matrix situations [8]. When 
the tasks are transformed by the TF-IDF analysis, the resulting matrix is 
sparse, that is, the number of regressor variables is greater than the 
number of observations. Thus, the Random Forest Regression proved to 
be better than all the other methods with accuracy around 95% based on 
a cross-referencing validation with 100 random sub-samples. It showed 
the lowest Root Mean Square Errors (RMSE) as well. 

This procedure provided estimates of automation susceptibility for 
all the CBO-listed occupations, including private and public sectors. The 
numerical values ranged from 0 (least susceptibility) to 1 (greatest 
exposure to automation). These values were used to rank the occupa
tions from the most to the least likely to be automated. 

The classification of occupations as high or low susceptibility to 
being automated depends on their location in the quartile of the esti
mates of automation exposure. The label of ‘high susceptibility’ to being 
automated goes to those occupations above the 75th percentile; ‘fairly- 
high susceptibility’ goes to the occupations between the 50th and 75th 
percentiles; ‘fairly-low susceptibility goes to the 25th and 50th percen
tiles; and lastly, ‘low susceptibility’ to those below the 25th percentile. 
Following the literature, those cut-off points are not static, but instead, 

the classification depends on the temporal horizon. The automation 
literature acknowledges that technology advances over the occupations 
if the focus shifts ahead one, two, or three decades [25]. 

3.3. Data sources 

Among the most important databases for the execution of this study 
were the Brazilian Occupations Classification (Classificação Brasileira de 
Ocupações - 2002) [16], the Annual Social Information Report (Relação 
Annual de Informações Sociais - RAIS) [45] produced by the Brazilian 
Ministry of Economics and the Integrated Personnel Administration 
System (Sistema Integrado de Administração de Recursos Humanos – 
SIAPE) [48]. 

The SIAPE centralizes the processing of the monthly payrolls of all 
the bodies under direct government administration and government 
foundations and autarchies of the executive branch that depend on the 
National Treasury for their expenditure on personnel. It includes the 
payment of all civil servants contracted under the aegis of the Civil 
Service Statute, Law 8.112/90 (Regime Jurídico Único Federal), the 
Consolidation of Labor Laws Consolidação das Leis do Trabalho - CLT), all 
those on temporary contracts, trainee occupations, medical internships, 
and others. The database contains information on employees in active 
service and allocated in federal entities all over Brazil and pensioners 
and retirees [48]. 

According to their primary occupation, this study only considers civil 
government employees in active service, with a working week of 40 h or 
more. With the application of that filter, the information processed was 
of 521,701 employees out of a total of 627,284 persons registered in the 
SIAPE. 

One of the first difficulties was the compatibilization of the nomen
clatures of the work positions registered in the SIAPE, which do not 
follow a standardized pattern in codes, descriptions, or even spelling. 
This screening resulted in 1115 positions. In an endeavor to establish a 
standard, codes, and titles were assigned to all the Executive Branch 
positions according to the CBO Brazilian Occupations Classification [16] 
by cross-referencing the employees’ tax registration numbers in the 
SIAPE and the RAIS-Estatística Identificada (Identified Statistics) for the 
year 2017. The model was refined by considering the CBO code for each 
position in the SIAPE3 followed by a manual inspection of the corre
spondence between the description of the activities of the occupations in 
the CBO and the description of the activities corresponding to the po
sitions. This compatibilization resulted in 389 clearly defined public 
occupations. 

The Brazilian Occupations Classification describes the occupations 
and organizes them in a hierarchy, making it possible to systematize 
information regarding the workforce according to the occupational 
characteristics and the nature and content of the work involved. It de
scribes the functions, duties, and tasks that make up each occupation 
and the content of the work in terms of the set of knowledge, skills, and 
training required for the performance of responsibilities for each occu
pation [19]. 

Estimating the technological automation frontier was gathered from 
the Annual Social Information Report (RAIS). It is widely recognized as 
one of the most reliable sources of Brazilian formal labor market sta
tistics [20]. The micro-data constitute an administrative register that 
can be considered the equivalent of a census of the formal labor market 
[45]. The following section displays the results obtained for the auto
mation technological frontier estimation, which is used to construct the 
measurement of the degree of susceptibility to automation based on the 
occupation tasks. 

3 We wish to thank Danilo Cardoso, Flávio da Vitoria and Pedro Masson, of 
the ENAP Data Science Department for their support in accessing and under
standing the SIAPE database. 
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4. Technological frontier for automation 

In order to calibrate technological change based on tendencies 
observed in the recent past, this study examined changes that took place 
in occupations in the private sector of the state of São Paulo from 2010 to 
2018. São Paulo can be considered the technological frontier of Brazil 
because it has the highest average income among the Brazilian states 
[31]. It functions as a hub for international contact with many multi
national corporations and companies in the technology sector. 
Furthermore, 69.5% of the total amount invested in research and tech
nology by Brazilian states is concentrated in São Paulo [32] as are 42.9% 
of the workers engaged in hardware, software, IT services, Cloud, and IT 
production [32]. Based on the RAIS data, the state of São Paulo pre
sented 18.5 million formal labor contracts in 2010 and 17 million in 
2018, a variation of − 5.6%. The decrease in the number of jobs may be 
related to the increase in unemployment observed in the Monthly 
Employment Survey (Pesquisa Mensal do Emprego - PME). 

Variations in unemployment levels do not affect all sectors of the 
economy and their respective occupations in the same way. Thus, the 
study sought to extract the differential effects to understand the changes 
in employment composition within the sectors and attribute this to the 
introduction of automatable production technologies. This is done in 
Fig. 1, which compares the growth in employment in each sector (total 
effect) with the growth in employment independent of the overall sector 
growth (differential effect). The differential effect was estimated using 
the BOT method explained in item 3.1 in Methodology and Data. The 
results are aggregated by CBO Large Groups, which considers ten cate
gories of occupations. Group 0 includes the armed forces, police and fire 
brigades, and was removed because the construction of the technolog
ical frontier differential effect only considers workers in the private 
sector. 

Fig. 1 shows that the group of containing members of the higher 
echelons of public service, directors of organizations of public interest 
and companies, and managers (+28.6%) was the one in which the total 
number of jobs grew most, followed by science and arts professionals 
(+28.5%), workers in services provision, salespersons in shops and 
markets (+6.9%). The groups for which the most significant reduction of 
employment positions occurred were workers in cattle and crop 
farming, forestry and fishing (31.3%), industrial goods and services 
production workers disaggregated by discrete production (− 28%), and 
continuous production (− 18.9%). 

In differential terms, the group with the members of the higher 
echelons of public service, directors of organizations of public interest 
and companies, and managers showed the highest growth (+31%) fol
lowed by the by science and arts professionals (+215%) and the workers 
in services provision, salespersons in shops and markets (+6.8). The 
groups with the greatest differential retractions were industrial goods 
and services production workers (discrete production) (− 12%), workers 
in cattle and crop farming, forestry and fishing (− 9.2%), and industrial 
goods and services production workers (continuous production) 
(− 5.2%) 

In alignment with the literature, the occupation groups most sus
ceptible to automation aggregate those workers with lower qualification 
and lower remuneration – performing tasks with a higher possibility of 
being standardized and codified in algorithms [25]. Such occupations 
are most common in discrete and continuous industrial production of 
goods and services and farming, forestry, and fishing. 

On the other hand, occupations that require the use of creativity to 
solve problems and social intelligence for communication and interac
tion in teams are indicated as the least susceptible to being automated 
[25]. That tendency is reflected in the differential growth detected in the 
groups that include members of the higher echelons of government, 
directors and managers of organizations in general, and professionals of 
the Arts and sciences. 

The results obtained with the BOT method are in line with the reports 
of studies carried out in the United States and OECD member countries 

and based on experts’ opinions. Thus, the estimated differential effect is 
used to classify the occupations most prone to be automated, attributing 
that effect to the various tasks carried out in the scope of each one of the 
occupations. To that end, the differential effect is calculated for the 49 
main sub-groups of occupations according to the disaggregation given 
by the two-digit categorization of the CBO 2002. Fig. 2 is a schematic 
representation of the study’s estimation procedure. 

In short, the São Paulo RAIS is used to obtain the differential effect by 
means of the occupational modification of the Shift-Share method while 
the CBO Activities Matrix is subject to the TF-IDF analysis. The results of 
the differential effect and the TF-IDF are combined to construct the BOT 
method, which estimates the susceptibility of occupations to be auto
mated using Random Forest Regression. The model is then used to 
identify the impact of automation on the occupations of the Federal 
Executive Branch which contains information from the SIAPE database. 

5. Automation susceptibility results for occupations 

This section presents the automation susceptibility estimations ob
tained in the preceding sections displaying the descriptive statistics of 
the Federal Executive Branch occupations (5.1), the general impact of 
automation on the occupations (5.2), and the impact of automation 
discriminated/disaggregated by government Ministries (5.3). 

5.1. Descriptive statistics of Federal Executive Branch occupations 

Table 2 displays the descriptive statistics of the qualitative and 
quantitative variables of the public service employees analyzed in this 
research. The mean age of the employees is 46.7 years old, ranging from 
18 to 90, with a standard deviation of 11.65 years. 49.7% of civil ser
vants are in the 39 to 50 age brackets, 41.9% in the 50 to 70 range, 8.1% 
are aged 18 to 30, and just 0.4% are over 70 years old. 

The average number of schooling years is 15.3, ranging from a 
minimum of 8 (complete lower secondary education) to a maximum of 
21 years (Doctorate). The schooling variable describes the highest 
qualification declared by the employee. The majority (36%) have a 
university degree, followed by 20% with complete higher secondary 
education, 19% with a Ph.D., 19% with a Master’s degree or MBA and 
5% with lower secondary education. 

The average salary4 is US$ 3,088, the median value is US$ 2517 and 
the standard variation US$ 1932. Most of the employees, 60.3%, receive 
up to US$ 3 thousand, 31.1% from US$ 3 thousand to US$ 6 thousand, 
8.3% from US$ 6 thousand to US$ 9 thousand, 0.3% from US$ 9 thou
sand to US$ 12 thousand, and 0.003% over US$ 12 thousand. Among 
those with the highest salaries, 17 receive more than US$ 12, and they 
occupy the positions of Ministers, Doctors, and Federal Police 
Superintendents.5 

5.2. Automation impacts on Federal Executive Branch occupations 

The quantitative impact of automation on Federal Executive Branch 
occupations is based on the estimations of susceptibility to being auto
mated, taking into account the automation technology frontier. The 
term ‘high susceptibility’ to be automated is attributed to occupations in 
the upper quartile of the distribution of public service occupations, that 
is, 96 of the 389 occupations. 

The occupations are presented in groups according to their degree of 
susceptibility, quantities per group, schooling and remuneration of 

4 All monetary values were converted from Brazilian real (R$) to US dollar 
(US$) at July’s 2017 exchange rate, 3.21 R$/US$.  

5 There are 6877 registrations with zero salaries, but they refer to employees 
whose payments are made by other systems, not SIAPE. Examples of such 
employees are resident doctors or physicians enrolled in special government 
programs. 
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employees. Exposure to automation for the Federal Executive Branch 
occupations should be understood as an ordinal rather than a cardinal 
scale. The susceptibility values do not represent a probability value but 
make it possible to establish a ranking of them from most susceptible to 
least susceptible to automation. Whenever there is a tie in values among 
the occupations, the difference in schooling levels is used to break the 
tie. The higher average value for the schooling levels was the differen
tiating criterion in consonance with the reports of other authors, 
whereby automation tends to have a greater impact on those professions 
associated with a lesser qualification [5,25]. 

Fig. 3a) shows the distribution of occupations according to their 
susceptibility to automation, that is, it represents the number of occu
pations situated in each score range. The occupations in dark blue, with 
scores higher than 0.87 represent the 96 occupation with the greatest 
susceptibility to being automated. To facilitate the visualization, 12 
occupations with scores lower than 0.6 have been omitted. 

Fig. 3b) shows the distribution of employees along the range of 

automation susceptibility scores. 20% (104,670) of the 521,701 em
ployees analyzed by this research are in occupations considered to be 
highly susceptible to being automated, represented by the dark blue 
blocks in the graph. 

There are 90,696 employees in 15 occupations in the range of 
exposure to automation between 0.87 and 0.88. In that bracket, there 
are some of the occupations with large numbers of employees such as 
administrative assistant (73,208 employees), office assistant (8,022), 
and typist (4,559). This explains the peak in the quantity distribution 
graph (2.b) For those occupations with a rating of 0.87–0.88, the 
average schooling years are 13.77, and the average remuneration is US$ 
1783. 

In the range 0.88–0.95, 9063 employees are engaged in 34 occupa
tions. The outstanding occupations in this range are those of van or van- 
like vehicle drivers (4,703), cattle or crop farming workers in general 
(1,511), and library assistants (1,123). In the highest range, of 0.95 and 
over, there are 3932 employees in 41 occupations. Schooling years in 

Fig. 1. Employment effects by CBO in the private sector in São Paulo - 2010 to 2018.  

Fig. 2. Stages in the estimation of automation susceptibility in the Federal Executive Branch.  

Table 2 
Descriptive statistics of civil servants in the SIAPE database – December 2017.  

Variable Minimum Median Mean Maximum Stand. Var. 

Schooling years 8.00 15.00 15.35 21.00 3.68 
Age 18.00 47.00 46.70 90.00 11.65 
Monthly pay (US$) 0.00 2517 3088 15,670 1932  

Schooling Quant. % Age Quant. % Remuneration (in 1000 US$) Quant. % 

Lower. 2ndary 28,396 5.4 18 |— 30 42,043 8.1 0 |— 3 314,593 60.3 
Higher 2ndary 106,141 20.3 30 |— 50 259,273 49.7 3 |— 6 162,438 31.1 
University 187,932 36.0 50 |— 70 218,346 41.9 6 |— 9 43,295 8.3 
Master’s or MBA 97,937 18.8 70 |—| 90 2039 0.4 9 |— 12 1358 0.3 
PhD 101,295 19.4    12 |— 16 17 0.003 
Total 521,701 100  521,701 100  521,701 100  
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this range average 10.82 years, and the average salary is US$ 1643. The 
outstanding occupations are those of carpenter (687), construction 
worker (441), and bricklayer (306). Schooling years in this group 
average 11.67 years, and the average salary is US$ 1698. 

Comparing the groups considered to be highly susceptible to auto
mation with the others shows that the average schooling years of those 
at high risk is 13.42 years, while for the others it is 15.83. When looking 
at salaries, the average for the highly susceptible occupations is US$ 
1,770, while for the others it is US$ 3419. Thus, occupations with high 
susceptibility to automation are those associated with lower levels of 
education and average salaries. 

Table 3 displays those occupations with over 50 employees in 
decreasing order of susceptibility to automation. The cut-off point of 50 
employees was adopted because there are various occupations with very 
low numbers of employees in them and therefore irrelevant for our 
purposes. The table also displays the number of employees in each 
Federal Executive Branch occupation and the employees’ schooling and 

average salaries. 
There is a visible predominance of technical occupations in graphics 

and audiovisual activities and employees in construction-related occu
pations such as steel fixer, bricklayer, painter, and carpenter. Generally 
speaking, they are all occupations with low schooling requirements and 
salaries well below the average for the total occupations of US$ 3088. 
This tendency is in line with the conclusions of other research reports 
that consider that automation’s most significant impact is in professions 
with low qualification requirements and low salary levels [3,5,25]. 

Table 4 displays occupations with over 50 employees engaged in 
increasing order of susceptibility to automation and the numbers of 
Federal Executive Branch employees involved in them, their average 
schooling years, and their average salaries. In general, occupations with 
little risk of being automated require a high schooling level and receive 
high salaries, such as researchers in various fields, criminalistics experts, 
health services managers, and clinical psychologists. 

Among the researchers, the most common activities involve 

Fig. 3. Distributions of occupations and employees by degree of susceptibility to automation.  

Table 3 
Occupations in decreasing order of susceptibility to automation.  

Occupation title CBO 
Code 

Automation Susceptibility Quantity Schooling (years) Average Salary (US$) 

Audiovisual systems technician 373130 0.9845 58 10.78 1555 
Audiovisual operations assistant 373145 0.9845 88 11.28 1851 
Audiovisual media operator 373105 0.9845 51 12.78 1442 
Scenic arts technician (cinema, video, television, theatre and shows) 374205 0.9814 89 13.76 2351 
Visual programming technician 371305 0.9780 291 16.35 2288 
Graphic production technician 371310 0.9757 267 13.08 1895 
Steel fixer (reinforced concrete) 715315 0.9736 285 12.29 2439 
Bricklayer 715210 0.9732 306 9.91 1305 
Painter (construction) 716610 0.9731 223 10.06 1353 
Carpenter 715505 0.9727 687 10.37 1775 

Note: Occupations with over 50 employees engaged in them. 
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developing new materials, products, processes, or methods in line with 
the CBO’s description. In addition, there are those associated with 
identifying opportunities, the execution of research projects, and the 
provision of technical consultancy. These activities are on the frontiers 
of knowledge and can not be standardized. They require highly complex 
tasks, including elements of creativity and innovation. Other activities 
central to research activities are the dissemination of knowledge 
through the orientation of research work, coordination of seminars, 
congresses, and courses in general to capacitate teams and future 
researchers. 

Also, to be found among the occupations with little susceptibility to 
automation are those professionals in the knowledge areas of health and 
social sciences such as economists, sociologists, geographers, biologists, 
psychologists, and anthropologists. Others are in administration and 
communication, such as health services managers, public relations 
professionals, advertising specialists, and copywriters. These occupa
tions comprise activities that are central to the development of auto
mation technology itself. Insofar as they gain space in the labor market, 
they will demand greater investment to ensure the continuation of au
tomation’s evolution and dissemination in society. 

5.3. Automation impacts by government ministries and agencies 

In addition to the investigation of occupation at the disaggregated 
level, it is interesting to analyze the distribution of automation impacts 
among the Ministries and other superior bodies of the Federal Executive 
Branch. Given their differences in terms of the professionals employed in 
each of them with their focuses on areas such as education, health, or 
security, the impacts of automation on those bodies will inevitably be 
heterogeneous among them. 

The SIAPE provides information on 27 higher bodies such as minis
tries to which 208 other bodies are subservient such as universities, 
federal institutes, social insurance and security agencies, intelligence 
agencies, federal police, agencies of control, regulation and inspection, 
research foundations and institutions, and other public administration 
entities. Corporative entities and the military are excluded from this 
analysis. 

Ministries and occupations that have changed since December 2017 
have been left out. An example of that is the occupation ’typist’, an 

occupation with many employees engaged in it but was extinguished by 
the Decree nº 9.262/2018 [15]. 

Table 5 summarizes the automation impacts on the five Federal Ex
ecutive Higher Entities that employ the greatest numbers of civil ser
vants. The last line of the table displays the result for the entire set of 
employees showing that 104,670, that is 20.1% of the 521,701 analyzed 
by this research, are in occupations highly prone to being automated. In 
terms of remuneration in December 2017, these employees at high 
automation represent US$ 185 million of the total Federal Executive 
payroll of US$ 1611 million, that is, 11.5%. 

The Ministry of Education is the High-Level body with the highest 
numbers of employees, and it also has the highest number of occupations 
highly susceptible to being automated: 78 of the 272 occupations it in
volves. Of the total number of its 252,272 employees, 47,296, that is, 
18.8%, are engaged in those highly susceptible occupations. In terms of 
salaries, 9.5% of the total payroll goes to those automation-prone 
occupations. 

Among the Ministry of Education occupations classified as highly 
prone to automation are administrative assistant (33,418), office assis
tant (6,189), library assistant (1,112), crop and cattle farmworkers in 
general (906), van (or similar vehicle) driver (701) and others with 4970 
employees engaged in 73 occupations. In the other ministries, admin
istrative assistant, office assistant and van (or similar vehicle) drivers 
stand out for being the occupations with the greatest numbers of em
ployees engaged in them and susceptible to being automated. 

The Ministry of Health has 26 of the 129 occupations highly exposed 
to automation which corresponds to 11,904 of its 66,465 employees. In 
terms of the total number of employees highly susceptible: the Ministry 
of Social Development comes next with 1727 out of a total of 32,358 
employees (5%); the Ministry of Finance with 5295 employees out of a 
total 29,815 (17.8%); and the Ministry of Justice with 3816 out of a total 
of 29,273 employees (13%). 

In general, the analysis of the quantitative aspect identifies those 
occupations most susceptible to automation with the highest numbers of 
employees engaged in them. The occupations classified as highly sus
ceptible are associated with average schooling levels and salary levels 
below the average for the Federal Executive Branch as a whole: 15.4 
years and US$ 3088. This analysis is consistent with the literature on 
automation which shows that the occupations with lower average 

Table 4 
Occupations in increasing order of susceptibility to automation.  

Occupation title CBO Code Automation Susceptibility Quantity Schooling (years) Average alary (US$) 

Electrical and electronic engineering researcher 203215 0.3966 453 18.99 4503 
Engineering and technology researcher (other areas of engineering) 203210 0.3966 198 17.04 3660 
Public health researcher 203320 0.4009 2675 19.23 5063 
Social and human sciences researcher 203505 0.4060 4478 18.61 4759 
Educational sciences researcher 203515 0.4060 252 17.52 3573 
Meteorological researcher 201205 0.4184 518 17.95 4894 
Criminalistics expert 204105 0.5590 1089 15.02 8446 
Biologist 221105 0.6341 438 17.68 3276 
Health services manager 131210 0.6638 800 17.38 4231 
Clinical psychologist 251510 0.6704 1784 16.53 2698 

Note: Occupations with over 50 employees engaged in them. 

Table 5 
Automation impacts by Federal Executive Branch Ministries and Other High-Level Bodies.  

High-level body Numbers Susceptible to 
Automation 

Total 
Numbers 

Susceptible 
Percentage 

Payroll susceptible to 
Automation (US$ x 106) 

Total payroll (US 
$ x 106) 

Payroll percentage 
susceptible to automation 

Ministry of Education 47,296 252,272 18.8% 69.2 728.0 9.5% 
Ministry of Health 11,904 66,465 17.9% 22.4 147.7 15.3% 
Ministry of social 

Development 
1727 32,358 5.3% 5.3 103.1 5.1% 

Ministry of Finance 5295 29,815 17.8% 9.3 152.3 6.1% 
Ministry of Justice 3816 29,273 13.0% 7.2 124.6 5.7% 
Others (22) 34,632 111,518 31.1% 72.0 355.5 20.2% 
TOTAL 104,670 521,701 20.1% 185.4 1611.2 11.5%  

W.B. Adamczyk et al.                                                                                                                                                                                                                          



Technology in Society 67 (2021) 101722

9

schooling levels and smaller salaries are those most susceptible to being 
automated. 

6. Discussion and conclusion 

This research estimated the susceptibility to automation of occupa
tions in the Federal Executive Branch in Brazil, making it possible to 
analyze the impacts of automation discriminated by occupations and 
government service entities. To our knowledge, this is the first study of 
automation with a focus on employment in the public sector. The 
methodology developed in this study can be applied to other spheres and 
branches of power in the Brazilian public sector or even to the public 
sectors of other countries. 

In additions, this study has innovated insofar as it presents the 
method entitled Bartik Occupational Tasks – BOT, which makes it 
feasible to estimate susceptibility to automation without having to rely 
on subjective criteria. The method presupposes that the public sector, 
albeit lagging, is following the automation tendencies of the private 
sector in the country’s technological frontier. 

Based on the tendencies to automation identified in private sector 
occupations, the study shows that more than one hundred thousand of 
the 521,701 Federal Executive employees are in positions highly sus
ceptible to automation. Thus, 20% of the total number of employees are 
in occupations that could potentially have their tasks attributed to 
automated systems in the near future. 

The occupations most prone to automation are technical occupations 
associated with audiovisual and graphics systems and construction- 
related occupations such as steel fixer, bricklayer, painter, and carpen
ter. Generally speaking, these occupations have low schooling re
quirements, and salaries are below the average of US$ 3088. That 
conclusion is in harmony with the literature that considers that auto
mation’s greatest impact is on those professions with lower qualifica
tions and salary levels [3,5,25]. 

The occupations with little susceptibility to automation generally 
require intense performance of analytical tasks or tasks that are not very 
repetitive. Among those in such occupations are researchers and pro
fessionals in natural, social and health sciences, such as engineers, 
economists, sociologists, geographers, biologists, psychologists, and 
anthropologists. In addition, there are professionals in the fields of 
administration and communication such as production managers and 
health services managers, public relations persons, advertising pro
fessionals and copywriters. Such occupations demand high qualifica
tions and are highly paid. 

The quantitative impact of automation on the public sector was 
shown to be expressive due to the large numbers of employees in oc
cupations highly susceptible to being automated, such as administrative 
assistants, office assistants, library assistants and drivers. In budget 
terms, considering the situation in 2017, the employees in high risk of 
automation occupations received US$ 185 million of the Federal Exec
utive Branch’s total monthly payroll amount of US$ 1.6 billion. 

Despite the improvements proposed in the automation estimation 
methodology, some limitations remain. Heterogeneities in activities 
performed by the same occupation are not accessed since we use formal 
standard descriptions of each occupation. The results do not evaluate the 
impact of new occupations on public sector employment. Advances in 
automation technologies may, as well, provide different activities in 
new occupational titles. 

Automation has the potential to replenish the public labor force as 
employees grow older and retire. Future research lines may explore the 
relationship between automation and aging in the public sector, iden
tifying opportunities to substitute or complement worker’s activities and 
areas where workers’ specialties are scarce. Therefore, our results can 
subsidize policymakers’ decisions that aim at preparing the public sector 
workforce to dwell with future technological challenges. 
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