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Abstract
Major technological changes have come with an adjustment period of stagnant productivity before the economy operates at its full potential. The mechanism of this adoption process
is still not well understood. Using event studies, I document that productivity increases with
a five-year lag after the adoption of industrial robots in Brazilian local labor markets. Combining employer-employee matched data with a novel measure of robot adoption, I provide
first evidence of establishment-level labor reorganization and organizational capital depreciation induced by the automation process. During the five years after adoption, labor switching
across occupations increases within firms, moving from production to support activities. I
show that firms’ organizational capital measured by workers’ firm-occupation-specific experience depreciates and then slowly re-accumulates. When these processes stop, the productivity
gains reach their maximum. I use these results to estimate a general equilibrium model with
heterogeneous firms, endogenous robot adoption, and organizational capital accumulation.
The model accounts for the productivity paradox, the diffusion of industrial robots, and the
change in the aggregate skill demand. The model highlights the role of organizational costs
accompanying the adoption of new technologies. I illustrate its usefulness by using it to characterize the implications of the “innovator’s dilemma.”
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Introduction

Technological advancement has long been considered a driving force behind growth and productivity enhancement. Nevertheless, previous major episodes of technological progress, such as the
Second Industrial Revolution, characterized by new technology based on electricity around 1870
and the Third Industrial Revolution marked by the rise of information and communication technologies (IT) in the 1980s, were followed by a surprisingly long delay of productivity gains (see
Greenwood and Yorukoglu (1997)). This puzzling dynamic of productivity has been called the
productivity paradox.1
This paper revisits the question of why productivity has a delayed reaction after a major technological change, by studying the latest episode associated with automation, also known as “the
Fourth Industrial Revolution.” I focus on the adoption of industrial robots, defined by the International Federation of Robotics (IFR) as “automatically controlled, re-programmable, and multipurpose machines” in Brazil. I provide estimates of the effects of robot adoption in an emerging
country, Brazil. Based on event studies, I document that it takes five years after the adoption of
a robot to observe economically significant productivity gains, what I refer to as the productivity
paradox of robots. The overall estimated productivity gains are economically significant. A $3 per
worker increase in robot imports by a local labor market results in a 2.66% cumulative increase in
productivity over the following 10-year period.2
These three industrial revolutions not only have a short-term lack of productivity growth in
common; they also imply a major reconfiguration of the workplace or a redesign of the production line, as understood by Henry Ford,3 in terms of the division of tasks among machines and
labor, and the new distribution of workers across the tasks reserved for labor. The hypothesis
of this paper is that a firm’s organizational capital or “expertise to enhance its own production
efficiency”4 is technology specific, and hence, a major technological change will depreciate the
1

It is also known as the Solow paradox, in reference to Solow (1987): “you can see the computer age everywhere but
in the productivity statistics.”
2
I show this result is not driven by declines in employment as documented by Acemoglu et al. (2014) for the ITs
productivity paradox in the US, also known as the Solow paradox.
3
Ford’s production line was a manufacturing process in which parts are added as a semi-finished product moves
from workstation to workstation until the final product is achieved. On December 1, 1913, Henry Ford installed the
first assembly line for the mass production of an entire automobile, reducing the time to build a car from 12 hours to
one hour and 33 minutes.
4
As defined by Prescott and Visscher (1980).
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stock accumulated by the firm. This depreciation requires that firms (organizations) go through a
process of manager experimentation to learn the new optimal distribution of workers across tasks
associated with the new technology.5 The process can be slow and costly for the adopting firms
and the aggregate.
By combining a Brazilian matched employer-employee dataset and granular, administrative
robot-adoption data, I provide new establishment-level evidence on labor reorganization and
the consequences for organizational capital associated with robots. In particular, the occupation
switching rate of workers increases between 18% and 27% within firms during the five years after
the adoption of robots. During this period, I observe increased worker movement from production
to support activities. Using the average of their workers’ occupation specific tenure as a measure
of a firm’s organizational capital, I document the immediate depreciation of firm’s organizational
capital and a slow re-accumulation after the new technology is adopted.
These empirical results motivate and allow me to estimate a dynamic general equilibrium
model with heterogeneous firms, where firms accumulate organizational capital, imperfectly transferable across technologies, creating a trade-off between two dynamic decisions: adopting robot
technology and accumulating organizational capital. Firms also face a sequence of static decisions
on hiring production and support (administrative) workers. Therefore, robot adoption induces
an adjustment period for firms to re-organize or accumulate organizational capital to re-optimize
their production line given the new technology, thus explaining the late appearance of the productivity gains. To the best of my knowledge, this work is the first to use granular data both on
robot adoption and on labor dynamics to estimate a model of endogenous technology adoption
and organizational capital to explain the transitional path of productivity.
This paper aims to contribute to different strands of the literature. First, it is related to a new
and growing literature documenting the effects of industrial robots in labor markets with crosscountry analysis (Graetz and Michaels (2018)); local-labor-market analysis for specific countries
(Acemoglu and Restrepo (2020) for the U.S.);6 and more recently with estimates at the firm and
worker level, exploiting more granular labor data and measures of robot adoption, with signs and
magnitudes varying across studies.7 I contribute to this literature by quantifying the short- and
5
Autor et al. (2002) analyze the reorganization of labor in the check processing of a Bank after the introduction of
digital check imaging technology. They describe the reorganization of labor as a phase of manager experimentation.
6
These studies include Chiacchio et al. (2018), Dauth et al. (2018), Mann and Puttmann (2018), and Webb (2019).
7
See Bessen et al. (2019), Koch et al. (2019), Acemoglu et al. (2020), Humlum (2020), and Aghion et al. (2020).
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long-term effects of robot adoption for Brazilian local labor markets with high-quality data, the
first estimates for a developing economy.8
Second, this paper is related to and builds upon the productivity paradox literature along two
dimensions. On the one hand, it is related to the literature documenting the paradox such as
David (1990) did for both the electricity and the information technology revolutions.9 I contribute
by first empirically characterizing the productivity puzzle of robots. On the other hand, my paper
contributes to the literature investigating the causes of such paradox. Greenwood and Yorukoglu
(1997) conjecture that the stagnation of labor-productivity growth observed after the rise in the
adoption of IT was associated with the significant cost of learning to use the new technology,
which could be facilitated by the workers’ skills. Parente (1994) and Violante (2002) micro-found
this fact using vintage capital models, where expertise in the old technology is not fully transferable to the new one, and a period of firm-specific learning-by-doing occurs. As a result, productivity growth may fall in the short run and increase later. Atkeson and Kehoe (2007) build a
quantitative model of technology diffusion and growth, where learning needs to be substantial
and protracted to explain the productivity paradox. The authors infer the parameters of the learning process from the life-cycle patterns of the U.S. plants. None of these papers, provide direct
empirical evidence of such learning, and in their models, the idea of learning is governed by exogenous parameters. More recently, Acemoglu et al. (2014) analyze the productivity paradox in
the IT sector, concluding that more direct evidence of the transformations induced by new technology is needed. I complement the existing literature by using microdata to provide evidence of
the workplace reorganization and organizational capital depreciation associated with the adoption of robots. Third, I estimate a quantitative model that accounts for organizational capital and
is able to explain the productivity and occupational dynamics as well as the diffusion of robots
and the change in the aggregate skills demand observed in the data. This model enables me to
evaluate counterfactual policies and provide new insights into problems faced by the managers
and entrepreneurs, such as the “innovator’s dilemma.”
Finally, I contribute to the literature on organizational capital that emphasizes its role in firms’
8
Previous literature analyzing developing countries, instead investigate the indirect effect of robots adopted by
developed countries in the labor markets of developing countries (see Kugler et al. (2020)) through the trade channel.
9
Also see Acemoglu et al. (2014), who use event studies to document the fact more rigorously, and Huggett and
Ospina (2000), who provide plant-level evidence from the Colombian manufacturing sector that productivity growth
falls when a plant goes into the adoption of new technology embodied in new equipment.
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growth over the life cycle (Prescott and Visscher (1980)), explains the slow economic recovery after
a recession (Koenders and Rogerson (2005)), and the productivity paradox of electricity (Atkeson
and Kehoe (2007)). Existing papers in this literature are either theoretical, do not have a direct
measure of organizational capital, or rely on small-sample firm surveys to measure this intangible
asset (see Bloom et al. (2010) for a iterature review). This paper provides establishment-level evidence on the effects of robot adoption on worker reallocation across occupations within firms and
on the evolution of organizational capital. My results are consistent with evidence from Bresnahan et al. (2002) on the relevant complementarities between technology investments and organizational investments, while emphasizing that the latter take place slowly and are associated with
productivity’s slow responses in the short run.
The rest of the paper is organized as follows. Section 2 describes the data. Section 3 presents the
macro evidence, namely, findings of the analysis at the local-labor-market level. Section 4 presents
the micro evidence, namely, that are the results from the estimations at the worker level regarding
the organizational capital mechanism. Section 5 develops the general equilibrium model, and
section 6 develops the strategy for the identification of the model parameters. Section 7 presents
the results of the quantitative estimation of the model, and section 8 uses the model to quantify
the implications of the “innovator’s dilemma” and to analyze the incidence of different policies to
overcome it.

2

Data

The main data source for the labor market information is Relação Anual de Informações Sociais (RAIS), a matched employer-employee dataset compiled annually since 1976 by the Brazilian
Ministry of Labor. This paper uses the period between 2000 and 2013 to avoid the economic crisis
beginning in 2014. RAIS is well known as a high-quality Census of Brazilian formal firms and
workers (see Dix-Carneiro (2014)). Workers are linked by unique identifiers to the establishment
and firm where they are employed, which allows me track workers over time and across firms
and occupations. The dataset provides detailed workers’ information on gender, age, race, education level, monthly wage, number of hours in the contract, month of access, and separation from
a job and occupation at the 5-digit level CBO-94 classification before 2002 and at the 6-digit level
CBO-2002 classification compatible with ISCO after 2002. For firms and establishments, RAIS
5

reports the location, industry at the 5-digit level in CNAE classification compatible with ISIC,
and the number of employees. From the panel structure of the data, I can construct measures
of occupation-firm tenure. The data appendix contains more details on the definitions and construction of workers’ characteristics. I limit the sample to include working-age individuals ages
18–64 who reported on December 31 that they worked full time (more than 30 hours per week).
For the worker-level analysis, I omit those working in public administration, those without valid
information on industry and occupation, and those whose reported income as zero or have no
information on that variable. If multiple jobs are reported for one individual, I include only the
highest-paying job in each year.
This data has two main limitations. First, it provides no information on workers’ activities
once they leave the formal labor market. This lack of information is relevant for Brazil, where
informality rates exceed 40% of employment during my sample period.10 Second, it contains a
few firm characteristics that are missing important information such as sales, value added, and
investment in technology.11
Labor productivity is measured at the local-labor-market level as GDP divided by employment from RAIS at the same level of aggregation. I employ the GDP at the municipality level
constructed by the Institute of Applied Economic Research (IPEA) from 1997 to 2014 based on
Brazilian National Accounts from IBGE and aggregate into local labor markets. Following the
literature analyzing labor dynamics in Brazil, I define local labor markets according to the Brazilian Institute of Geography and Statistics (IBGE) 557 microregions, which are defined as groups of
economically integrated contiguous municipalities with similar geographic and productive characteristics, the equivalent of a commuting zone in the U.S.
To measure robot adoption at a granular level, I take advantage of the fact that the world’s total manufacture of robots is concentrated in a few countries. In 2019, 15 countries shipped almost
90% percent of globally exported industrial robots.12 Given that Brazil does not produce indus10

RAIS lack of information on informal labor should not be a major concern for the analysis at the local-labor-market
level given that informality did not experience any change in trends over my sample period. The micro facts rely on
the occupational dynamics inside firms, so we restrict our attention to firms larger than five workers, which is the case
for 98% of informal firms in Brazil.
11
Information on sales, value added, technology investments, and other inputs are at PIA, a manufacturing survey
that can be merged with RAIS. Access to PIA was already granted for a continuation project, but it is still restricted due
to COVID-19.
12
This countries are Japan, Germany, South Korea, Singapore, Italy, France, Denmark, United States, Netherlands,
Austria, Sweden, Taiwan, Belgium, United Kingdom, and China, the only developing country in the list.
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trial robots domestically, every new robot adopted in the country is first imported and therefore
recorded by the customs authorities with the 6-digit product code associated to Industrial Robots,
and compiled by the Secretariat of Foreign Trade in Brazil. The data are available at the municipality level yearly from 1997 to 2019.
In Appendix A.1, I display two data-validation processes. First, I verify that the definition of
industrial robot from the administrative trade records and the one established by the IFR are consistent at the national level. The IFR defines an industrial robot as ”an automatically controlled,
reprogrammable, and multipurpose [machine]” (IFR, 2014) and provides a world census of industrial robots.13 Appendix A.1.1 shows a strong correlation (94%) of Brazil’s total robot installments
reported by these two information sources from 2000 to 2016. I then verify the distribution of
robots across municipalities within Brazil. Customs records geographical distribution could be
biased for two main reasons. On the one hand, one might be worried that import records are huddled in cities where firms’ headquarters are located and not where their plants are. On the other
hand, with the same effect, this machinery is frequently imported through domestic robot integrators that specialize in importing and installing them at local plants. Given that the automotive
sector is responsible for more than two thirds of robot adoption in Brazil, I identify all openings
and expansions of car factories over the sample period -60 events- and verify those events coincide with spikes of imported robots in the municipalities where plants are located. Appendix
A.1.2 describes in more detail the algorithm of this procedure.14
The variable of robot adoption considered in the empirical analysis, both at the local-labormarket and at the worker level, is robots per worker, defined as the value of imported robots in
constant prices weighted by the local labor market employment in an old period, to avoid introducing a source of endogeneity through our measure of robot adoption. Appendix A.2 describes
the evolution over time of my robots-per-worker measure for a typical local labor market. Adoption occurs in spikes, that is, large amount of adoptions in a given year preceded and followed by
years of low levels of adoption. This observation motivates the implementation of event studies
as my main empirical specification.
13

The data are available at the country-year-industry level. I thank Adriana Kugler the access to these data for Brazil.
Acemoglu and Restrepo (2019), Dauth et. al. (2018), and Graetz and Michaels (2018) use data on robot adoption
from IFR at the country-industry level to analyze local effects. Aghion et. al. (2020) use firm adoption of machinery
and equipment, where the idea of technology change is less clear. Humlum (2019) follows the same strategy as mine
for Denmark. Note that the U.S. trade data fail the second validation.
14
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Macro facts: What are the long-term dynamic effects of robot adoption on labor productivity?

I first estimate the evolution of the effect of robot adoption by Brazilian local labor markets on
labor productivity over a 10-year period. The baseline specification is a distributed-lag model,
which includes contemporaneous robot adoption along with 10 lags as independent variables, to
observe the long-run effects of the new technology, and two leads as a pre-trend falsification test.
Indexing local labor markets by m and years by t, the distributed-lag model is specified as follows:

ym,t = β0 +

10
X

β1k RP Wm,t−k + αXm,t + γm + θt + m,t

(1)

k=−2

RP Wm,t−k =

$BRL.Imported.Robotsm,t−k
,
Lm,t0

where ym,t is the logarithm of labor productivity at local labor market m and year t, RP Wm,t−k
is the value of imported robots (in thousand constant Brazilian reals) per worker at the same
local labor market in 1997 (the oldest year available in the data), Xm,t are covariates controlling
for the proportion of high-skill workers, average age, industry and occupation diversity, and the
gini coefficient as a measure of inequality, and γm and θt are micro-region and time fixed effects.
This event-study strategy allows me to control for time-invariant as well as local-labor-marketinvariant unobservables.
The lead-lag coefficient β1k is the marginal dynamic response of labor-productivity outcome
(ym,t ) at time t + k to an increase in robot technology adopted at time t, controlling for adoption at
all other time periods. The length of the lagged polynomial is usually determined by when the effect dies and whether it passes the tests for multicollinearity between RP Wm,t−k and RP Wm,t−s .15
Given that labor productivity is defined as the ratio of GDP over employment, observed positive effects of robots in productivity could be driven by either positive effects of robots in output
or by negative effects of robots in employment. Ex ante, we cannot rule out this possibility, because previous work such as Acemoglu and Restrepo (2020) documents negative effects of robots
on employment. Therefore, I look at the long-term dynamic effects of robots on both the logarithm
15

The multicollinearity test allows the inclusion of less than 12 periods; the effect vanishes differently for each variable
but always between the 10th and 11th. Therefore I include 10 lags in all exercises.
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of GDP and the logarithm of employment of the local labor markets, respectively, by running a
distributed-lag model with each of these two dependent variables. An additional robustness check
to my productivity measure is running the distributed-lag model with average wages as another
proxy of labor productivity.
One implicit assumption of my estimates is the time-invariant treatment effects, ignoring technology improvements. Therefore, the lagged reaction of productivity and wages could be mechanically driven by new technologies being more productive than older technologies. Because
year-, lagged-, and technology cohort- effects cannot be estimated simultaneously, due to multicollinearity, I address this concern by splitting my time series into before and after 2007.

3.1

Identification discussion

The identification assumption in the estimation of equation (1) can be formalized as follows:
E[RP Wm,t−k × m,t |Xm,t , γm , θt ] = 0, ∀(t, k).

(2)

The leads estimated coefficients, specifically β1−2 and β1−1 , allow me to control for pre-trends.
If the identification assumption holds, we would expect these two parameters to be zero. Even in
the case of no pre-trends, the identification condition could be violated. Correlated demand and
supply shocks may occur at the same time that the firm or plant automates the production process.
For example, increased demand or increased competition could lead to increased automation with
a simultaneous direct impact on labor productivity.
A major concern with this empirical strategy is that the adoption of robots in a given local labor
market could be due to other trends affecting either the adopters, the non-adopters, or the overall
labor market. To address this endogeneity concerns, I implement a shift-share instrumental variable (IV) design. I use the sectoral adoption of robots in the U.S. interacted with the distribution
of labor across sectors in Brazil in a previous period. The exclusion restriction here is that U.S. automation influences Brazil by pushing the technology frontier without directly affecting its labor
force:
S
Exp.to.robotsU
m,t−k

=

X
j

BR
l1997mj

×

S
RobotsU
j,t−k
US
Laborj,1997

.

If robot adoption is endogenous in equation (1), we have 10 endogenous variables to correct
9

for. Unfortunately, we only known the distribution needed to make inference of the two-stage
least-squares (2SLS) estimator for up to three endogenous variables, which is less than in this case.
To overcome this limitation, I transform the distributed-lag model specification into a comparable
static version with one endogenous variable suitable to be instrumented:
∗
ym,t = βRP Wm,t,t−10
+ αXm,t + γm + θt + m,t

(3)

where ym,t is the log in labor productivity, employment, and wages at time t and local labor
P
∗
market m, and RP Wm,t,t−10
= 10
k=0 RP Wm,t−k is the value of the accumulated robots adopted
over a 10-year period. We can show this specification is equivalent to equation (1). Nevertheless,
the estimated β from equation (3) will be equal to the cumulative effect obtained by adding all the
marginal effects estimated by equation (1), only if the effect of robots is independent of the timing
of adoption, that is, if the marginal effect of a robot in t + 1 is the same in t + 10. If, as expected,
the dynamic effect of robots is strictly increasing in time, the β from equation (3) will be strictly
P
k
lower than 10
k=0 β1 from (1).

3.2

Estimation results

Figure 1 reports the marginal effects of robot adoption on labor productivity over a 10-year period. Note the figure shows no signs of pre-trends: before some local labor markets adopted
more robots, the labor-productivity path was comparable in both adopters and non-adopters afterwards. The results of the local-labor-market event studies show labor productivity has a delayed positive reaction after the adoption of the new technology. The effect becomes statistically
significant greater than zero only five years after the adoption and reaches its peak after six years.
The increase in the value of robots per worker is associated with a labor-productivity gain of 12%,
six years after the adoption. I refer to this weak short-run productivity growth followed by a
strong productivity growth as the productivity paradox of robots.
Figure 2 reports the robustness checks regarding our productivity measure. First, we check
the effects of robot adoption on aggregate employment, which is the denominator of our laborproductivity measure. Figure 25(a) shows no effect of robots on aggregate employment, which
confirms the productivity result we observe in Figure 1 is not mechanically driven by potentially
less productive workers leaving the labor market. Figure 25(b) reports the dynamic effects of
10

Figure 1: Robot-adoption effects on labor productivity
robots on average wages, which is a well-established proxy of labor productivity.
The results show the same pattern as that of labor productivity, no effects in the short term,
and with positive and statistically significant effects four years after adoption. Note that although
labor productivity and wages report the same pattern, wages have a lower magnitude. Wages
grow more slowly than labor productivity after robots, which would lead to a decrease in labor
share over time. Appendix B.1 verifies this conjecture.
To provide an illustration of the relevance of the estimated effects, I compute the 10-year cumulative effects of robot adoption reported in Table 1. To grasp the size of these effects, consider a
local labor market that increases the value of imported robots by the interquartile range of the variable ($3 per worker in 1997); the cumulative effect over a 10-year period on productivity would be
a 2.66% increase. This magnitude is similar to Brazil’s labor-productivity growth, which is around
2.67% in the same period analyzed here. Average wages would have increased by 1.18%, while
aggregate employment would have no effect over a 10-year period.
The evidence for Brazil suggests that in the long run, the productivity effect dominates the
displacement effect of robots. By contrast, Acemoglu and Restrepo (2020) find small negative
effects of robots on employment and negative effects on wages for the U.S. This evidence suggests
in the U.S., the displacement effect dominates the productivity effect. Note they only look at the
short-run effects of robots, and thus do not directly contradict my results. This result motivates
the need to evaluate both short- and long-run effects for policy recommendations.
11

(a) Robot-adoption effects on employment

(b) Robot-adoption effects on wages

Figure 2: Labor-productivity robustness checks
Finally, Table 2 reports the results of estimating equation (3), the long-differences version of
the distributed-lag model, first by ordinary least squares (OLS) and then through a two stage least
squares (2SLS) procedure using the exposure to U.S. robots to instrument for the value of robots per
worker by local labor markets. As expected, the OLS results are consistent with the cumulative
effects estimated by the distributed lag model although with smaller magnitude. The results of
the IV procedure show relevant first-stage and 2SLS estimates that are also consistent with the
12

Table 1: Long-run (10-year) cumulative effects of robot adoption

Imported robots
value
Observations
R-squared

ln(Labor Prod.)

ln(Av. Wages)

ln(Empl.)

0.89∗∗∗
(0.19)

0.39∗∗∗
(0.09)

-0.10
(0.08)

4,464
0.34

4,464
0.40

4,464
0.43

Notes: *, **, and *** indicate statistical significance at the 10%, 5%, and
1% levels, respectively. Clustered standard errors are in parentheses.
dynamic results but larger in magnitude than both the OLS and the distributed-lag model results.
Table 2: Long-run (10-year) IV effects of robot adoption
ln(Labor Prod.)

ln(Av. Wages)

ln(Empl.)

0.64∗∗∗
(0.05)

0.26∗∗∗
(0.09)

-0.07
(0.05)

0.16

0.14

0.14

∆ Imported robots
value(t,t−10) , IV

0.92∗∗
(0.44)

0.77∗
(0.39)

-0.08
(0.05)

First stage
IV: US Robots

0.11∗∗∗
(0.04)

0.11∗∗∗
(0.04)

0.11∗∗∗
(0.04)

Observations

4,464

4,464

4,464

∆ Imported robots
value(t,t−10) , OLS
R-squared

Notes: *, **, and *** indicate statistical significance at the 10%, 5%, and
1% levels, respectively. Clustered standard errors are in parentheses.

3.3

Composition of labor across occupations

A second macro fact, which is more descriptive but informative about the mechanism that explains
the productivity paradox, is the strong connection between the timing of Brazil doubling its average units of imported robots after 2007 (left panel of Figure 3) and the beginning of a change
in the occupational distribution of labor (right panel of Figure 3). In particular, the number of
production workers decreases and the number of workers in supporting activities increases after
13

Figure 3: Composition of labor across occupations
the same year. This fact suggests a labor reallocation across occupations induced by the arrival of
new machine technology. In the next section, I provide a formal analysis to establish the relation
between the adoption of a new technology and the observed change in the composition of labor
across occupations.

4

Micro facts: What are the effects of robots in firms’ organizational
capital?

Based on Prescott and Vissscher (1980), I define organizational capital as the firm’s accumulated
expertise to enhance its productivity. This expertise covers the ability to match workers to tasks
in the right proportion and then allow them to master on it. The hypothesis on the effect of a
technological change in firms’ organizational capital is that firms’ accumulated expertise is not
perfectly transferable across technologies. Therefore, the new technology might induce firms’ reorganization of labor across tasks, and the depreciation of firms’ organizational capital or expertise
developed under the old technology.
The process of reorganizing workers and gaining new expertise across tasks might be slow
and costly not only for the workers, as documented by Traiberman (2019) after a trade shock and
Humlum (2019) after a technology shock, but also for the firms. Previous literature proposes the
organizational capital as the mechanism to understand firm growth over the life cycle (Prescott
and Vissscher (1980)), the economy’s slow recovery after a recession (Koenders-Rogerson (2005)),
or the productivity paradox after the Second Industrial Revolution (Atkeson-Kehoe (2005)).To pro-
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vide empirical evidence on the suggested mechanism, I exploit matched employer-employee data,
which allows me to track workers over time and across occupation, firm, industry, and location,
as long as workers remain in the formal sector.16
To investigate the effects of robot adoption on firms’ organizational capital, I implement two
empirical exercises. First, I investigate whether the adoption of a robot induced a within-firm
reallocation of workers across tasks, by running a distributed-lag model at the worker level where
the dependent variable is 1{occupation switchingi,f,t }, which is an indicator function that takes the
value of one if the worker switched occupation within the same firm. I restrict the sample to those
workers who remain with the same firm over my entire sample period. I control for observable
worker and firm characteristics, as well as several fixed effects including year, local labor market,
and firm and individual fixed effects. I also include lags to control for pre-trends:

yi,f,j,m,t = β0 +

10
X

β1k RP Wm,t−k + αXi,f,j,m,t + ξi + κf + φj + γm + θt + i,f,j,m,t .

(4)

k=−4

Having defined organizational capital according to Prescott and Visscher (1980) as the accumulated expertise of the firm, and taking advantage of the fact that the employer-employee data
allow us to track workers moving across occupations even within firms, I measure it as the av17 which
erage of the worker’s occupation-specific tenure (tenureo,f
it ) with a firm in a given year,

implies adding all the expertise of all of the workers in their current occupation, measured by
their tenure, and divide this amount by the number of workers in the firm to make this measure
comparable across firms of different size as follows:
P
OrgCapitalf,m,t =

o,f
i tenureit

Nf t

Then, I run a distributed lag-model at the firm level, with the organizational capital measure
as the dependent variable. Controlling for firms’ characteristics varying over time, and including
16

An important limitation of RAIS data is that they do not include informal labor, which account for more the 40% of
Brazilian labor force during my sample period.
17
This definition is consistent with the notion of organizational forgiveness defined in Benkard (2000), who show
the learning curve of the aircraft firms -decreasing in the number of produced aircrafts- was stopped by a strike that
implied many workers laid off and the loss for the firm of the accumulated expertise by those workers.
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firm, local-labor-market, and year fixed effects according to equation (5),

yf,m,t = β0 +

10
X

β1k RP Wm,t−k + αXf,m,t + κf + γm + θt + f,m,t .

(5)

k=−4

It is worth noting that even after limiting the sample as described in section 2 for the workerlevel analysis, the full sample is still very large (over 200 million observations). For computational
tractability, I construct a random sample of 20% of Brazilian local labor markets or 110 microregions. The main reason for sampling at this level is that the high-dimensional fixed effects used in
my regressions rely on individual movements across occupations and establishments. Given the
simultaneous estimation of individual and establishment level fixed effects, a sample either at the
individual- or establishment-level only would reduce the statistical power of my regressions and
therefore the precision of my estimates. This way I am able to analyze the effects of the technological shock, observed at the local-labor-market level, on the worker and firm dynamics over time.
Appendix A.3 presents summary statistics comparing the full sample and final sample for 2004
(to be completed). Finally, I use the occupational classification developed by Bernard et al. (2017)
to study workers’ tasks; see Appendix A.3.1 for details.

4.1

Estimation results

The results for equation (4) regarding within-firm reorganization of labor across tasks are reported
in Figure 4(a). I find the likelihood of workers switching across occupations within their same firm
increases immediately after the adoption of a robot around three percentage points, and returns
to the pre-robot levels that is around 12%, after five years. This result means the occupational
mobility within firms increases on average 25%, when they are being reorganized around the
new technology. Note the period of time during which this reorganization (5 years) takes place
coincides with the period of stagnated productivity.
When looking at the effect of robot adoption on the likelihood of switching across specific pairs
of occupation groups, the pattern observed across occupations corresponds to the switches from
production to support activities, as reported in Figure 4(b). All the possible transitions across the
six occupation groups are reported in Appendix B.3 in Figure 14.
Finally, the results of estimating equation (5) for the effects of robot adoption on firms’ orga-
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(a) Labor switching across occupations

(b) Labor switching from production to support activities

Figure 4: Robot-adoption and within firm occupation mobility
nizational capital are reported in Figure 5. I find that organizational capital suffers an immediate
depreciation after the adoption of the new technology. Recovery is slow, becoming positive after
six years of adoption to get back to a steady state. I use both results to inform the construction and
estimation of my model presented in the next section.
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Figure 5: Robot effects on firms’ organizational capital

4.2
4.2.1

Robustness checks
Churning

A reasonable concern with the previous section’s results, is that the observed occupational mobility was driven by churning. To address this concern, I run two versions of equation (4). In the
first, the dependent variable is a dummy that takes the value of 1 if a worker leaves the firm and 0
otherwise. In the second, the dependent variable is a dummy variable that takes the value of 1 if
a worker gets hired, and 0 otherwise. Appendix B.3, Figure 16, presents the results of both event
studies. After the adoption of robots by a local labor market, no statistically significant increase
occurs in the probability of a worker’s separation. By contrast, a decrease occurs in the probability
of workers in that local labor market being hired. These results not only mitigate the possibility of
churning, but also strengthen the hypothesis of a re-optimization process within firms.
4.2.2

Poaching

Another threat to the evidence regarding the reorganization of labor within firms being so costly
that it generates the observed delay in productivity reaction, is the possibility of firms poaching
good workers. Firms adopting robots could in fact be poaching workers from previously adopted
firms. Therefore, those workers with experience dealing with robots, far from arriving to the new
firm to gain expertise, would be contributing to the firm’s organizational capital with knowledge
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on best practices with the new technology and the potential learning from her peers. To investigate
that possibility, I estimate the dynamic effect of robots on workers switching across firms. Specifically, I again run the distributed-lag model described by equation (4), this time with a dummy
variable taking the value of 1 if a worker switched firms at a given period, and 0 otherwise. The
result presented in Appendix B.3, Figure 17, shows no increase in the rate of workers moving
across firms associated with the adoption of robots, supporting the hypothesis of this paper.
4.2.3

Supply-chain reorganization

Lastly, an alternative story behind the observed workplace reorganization, which could also be
consistent with the lag reaction of productivity, is the reorganization of the supply chain. More
precisely, the robots adopted by certain industries change their demand for inputs for the upstream industries, inducing a rearrangement of the value chain that is potentially slow and costly
enough to generate the result we observe in the productivity dynamics.
To dig into this hypothesis, I look at the heterogeneous effect of robot adoption on the probability of workers’ occupational switching for different industries, according to equation (4). Figure
18 in Appendix B.3 shows the results for firms in adopter industries in Brazil that, according to
the International Federation of Robotics in Brazil, are Food and Beverages, Electronics, Automotive, Other Vehicles, and Other Manufacturing, and firms in non-adopter industries such as Wood
and Furniture, Paper and Plastics, Metal Products, Metal Machinery, and Textiles. Note the nonadopter industries represent an important component of the supply chain of most if not of all
adopter industries. If the supply-chain reorganization hypothesis were true, we would expect
to see robot adoption inducing occupational switching both at adopter and non-adopter firms.
Whereas the adopter industries show the pattern presented in previous section, that is, an increase in workers occupational switching for the first periods after adoption, the non-adopter
industries do not report any abnormal behaviour after the technology shock, leading us to reject
the hypothesis.

4.3

External validity: Developing vs. developed countries

This paper presents the first estimates of the labor market consequences of robot adoption for an
emerging country. Two results contrast with previous estimations for developed countries. Unlike
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Acemoglu and Restrepo (2020) for the U.S. and Humlum (2019) for Denmark, who both document
a decrease in aggregate employment associated with robots, in Brazil, it remains unchanged both
in the short and long-run. Moreover, Humlum (2019) also implements event studies to estimate
the effect of robots in labor productivity and find it takes only three years for productivity to reach
the maximum.
One possible explanation for these difference in results is the differences in the firing costs,
which are known to be higher in Brazil compared with those in the U.S. and Denmark. A high
firing cost would amplify the effects of the mechanism proposed here, because it forces the firm
to redeploy workers within the firm instead of firing them and hiring new ones to bring the new
skill required by the new technology.
I explore the role of the firing cost for the proposed mechanism by exploiting the variation
in firing cost in Brazil induced by a major labor constitutional reform in Brazil in 1988. Among
other inclusion, the reform implied a reduction in the maximum working hours per week from
48 to 44, an increase in the power of unions (to constitute and call for strikes), and an increase
in the firing cost, namely, a fourfold increase in the penalty levied on employers for unjustified
dismissal, going from 10% to 40% of the accumulated separation account. Bosch, Goñi-Pacchioni,
and Maloney (2012) show how this national policy had differentiated effects depending on the
labor characteristics before the reform, such as the overtime of formal workers, union enrollment,
and the average tenure of fired workers. I use the average tenure of fired workers in 1987, right
before the labor reform, to classify local labor markets into low and high firing costs, according to
whether if the average tenure was below or above the mean.
The results, reported in Appendix B.4, show the local labor markets with low firing costs experienced positive and statistically significant effects in labor productivity after the adoption earlier
than local labor markets with high firing costs, where the effects of robots in labor productivity
become positive and statistically significant only sixth year after robot adoption. These results
are in line with the conjecture that firing costs reduces the margins of the firms to adjust to the
new-skills demand given the new technology, amplifying the negative consequences for the organizational capital of the firm, which could explain the differences between the results for Brazil
and Denmark.
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5

Model

I build a dynamic general equilibrium model with heterogeneous firms. Every period, the firms
decide the demand for production and support (or service) workers and how much to invest in
organizational capital. Organizational capital will be imperfectly transferable across technologies,
creating a trade-off between their two dynamic decisions: adopting robot technology and accumulating organizational capital.
Firms There is a fixed mass of firms indexed by j ∈ [0, 1]. Firm j produces output yjt by
combining workers specialized in two tasks or occupations, namely, production activities l1jt and
support activities l2jt , and a stock of organizational capital hjt . The firm has a production function
that exhibits decreasing returns to scale i.e. α ∈ (0, 1), and has elasticity of substitution across
occupations σ, with θ1 and θ2 intensity-factor shares of each occupation’s labor in total output as
follows:

yjt = F (l1jt , l2jt ; hjt , jt , Rjt )
n
oα
σ
σ−1
σ−1
F (l1jt , l2jt ; hjt , jt , Rjt ) = zHjt (θ1 (hjt z1jt l1jt ) σ + θ2 (z2jt l2jt ) σ ) σ−1

(6)

Assumption 1: zHjt = exp{φH Rjt } + jt , jt ∼ π(0 |) > 0
Assumption 2: z1jt = exp{φ1 Rjt } and z2jt = exp{φ2 Rjt }
Firms are heterogeneous with respect to an idiosyncratic productivity shocks jt , which will
be independently distributed across firms and will follow a Markov process within firms; endogenous organizational capital h and robot technology Rjt ∈ {0, 1} states. I model robot technology
as a binary state to reflect the fact that most robot users adopt in robots in a single year (see Figure
A.2), and assume that once a firm gets a robot, it keep it forever. The parameter φH captures the
effect of robot adoption on a firm’s Hicks-neutral productivity zHjt , and the parameter φ1 captures
how the robot technology affects the productivity of workers in production activities, whereas φ2
the productivity of workers in support activities. It will only be possible to identify (φ1 − φ2 ) that
captures the effect of robots on the relative productivity of production workers versus support
workers.
The specification chosen in equation (6) can be micro-founded or derived from a task-based
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model with automation like the one proposed by Acemoglu and Autor (2011) or Acemoglu and
Restrepo (2020), in which robots substitute for worker tasks in production.18
Finally, firms’ organizational capital hjt depreciates at the rate δ. Firms invest in organizational
capital in units of the final good, according to the following quadratic function that will work as
an adjustment cost:
Assumption 3: ijt = (hjt+1 − hjt (1 − δ))2 .
I model the imperfect transferability of organizational capital across technologies observed
in Figure 5 as an immediate depreciation φ3 on the period of adoption of the new technology,
as shown below in the firms’ problem. This additional depreciation, along with the implicit adjustment cost considered in the investment function of organizational capital, will drive the slow
reaction of productivity over the transition after the adoption of a robot.
Skills demand. Every period, firms take the factor prices {w1 , w2 } and the state variables
x = (h, , R) as given, and choose their demand of workers for each occupation to maximize the
static profit function defined as follows:

π(l1 , l2 ; x) = zH F (l1 , l2 ; x) − w1 l1 − w2 l2 .

(7)

where F (l1 , l2 ; x) is defined according to equation (6). The intra-temporal equilibrium condition derived from this problem shows the way the workplace reorganization mechanism will
operate when a firm adopts the robot technology, formalized in Proposition 1:
l2
=
l1



w1 θ 2
w2 θ 1

σ 

(1−σ)
eR(φ1 −φ2 ) · h
.

(8)

Proposition 1. Let σ ∈ (0, 1) and suppose (φ1 − φ2 ) > 0 and h(φ1 − φ2 ) − φ3 < 0, then robot-adopter
firms will experience:
• A decrease in (l2 /l1 ), during the period of adoption (τ = t). Therefore, they will increase the demand
for production workers versus support workers.
• And an increase in (l2 /l1 ), for the later periods, (τ ≥ t + 1). Therefore, firms will reduce the demand
18

See Humlum (2019) for the derivation for a similar specification.
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for production workers versus support workers.
In other words, the depreciation of organizational capital will induce in the short run an inefficient workplace reorganization or reallocation of labor across occupations. This reorganization
will prevent the productivity gains from increasing during the first periods after adoption, which
will be overcome as the organizational capital is re-accumulated. See Appendix C for the proof of
Proposition 1.
Firm optimization. The dynamic problem of the infinitely lived firm j that at the begining of
the period has not adopt robots, that is, in the state without robots (R = 0), is directly integrated
in the following Bellman equation:

V (h, , 0) = max













n
o
max0 π(l1 , l2 ; h, , 0) − (h0 − h(1 − δ))2 + βE[V (h0 , 0 , 0)|x] ,

l1 ,l2 ,h

n
o
max0 π(l1 , l2 ; h, , 1) − (h0 − h(1 − δ) − φ3 )2 − PR + βE[V (h0 , 0 , 1)|x]

l1 ,l2 ,h

(9)
Each period, firm j (the sub-index is suppressed to simplify notation) chooses it labor demand l1 and l2 , as well as organizational capital accumulation h0 , and whether to adopt a robot
R ∈ {0, 1}. Adopting firms pay the price of robots PR -exogenously determined by the international market-, and lose a fixed amount φ3 of organizational capital or expertise achieved with the
previous technology, both only during the period in they decided to adopt.
The Bellman equation of firm j that at the beginning of a period already posseses a robot, i.e.
that already is in the absorbing state (R = 1), is defined as follows:
n
o

V (h, , 1) = max0 π(l1 , l2 , h, , 1) − (h0 − h(1 − δ))2 + β E[V (h0 , 0 , 1)|x] .
l1 ,l2 ,h

(10)

Therefore, the firms that adopt the robots will experience permanently the productivity gains
from zHjt governed by φH and a change in the relative productivity across occupations amplified
by (φ1 − φ2 ) biased towards supporting occupations complementing robots.
Households’ optimization The representative household chooses consumption Ct and total
labor supply for occupations L1t and L2t to maximize the following problem:
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max E

∞
X

β

t



t=0

L1+η
L1+η
Ct − γ1 1t − γ2 2t
1+η
1+η


(11)

s.t.Ct = w1t L1t + w2t L2t + πt .
where β is the discount fator, and η the Frisch elasticity of labor supply. The household owns
R
all the firms in the economy, and receives their profits πt = πjt dλt (h, , R).

5.1

Equilibrium

Definition. A dynamic general equilibrium of the economy is a path of factor prices {w1t , w2t }t ,
and distribution of firms over three states: the organizational capital, the productivity shock, and
the robot adoption decision {λt (h, , R)}t ; firms’ policy functions {Rjt , h0jt , l1jt , l2jt }j,t ; and representative household allocations {Ct , L1t , L2t }t ; such that taking the price of robots {PR }t as exogenously given by the international market:
1. Firms maximize their expected discounted profits by solving equations (9) and (10). 2.
The representative household maximizes expected discounted utility by solving equation (11),
satisfying:
w1t = γ1 Lη1t and w2 = γ2 Lη2t .
3. Labor markets clear:
Z
L1t =

Z
l1jt dλt (h, , R), L2t =

l2jt dλt (h, , R).

4. Goods market clears:
Z
Ct +

Z
ijt dλt (h, , R) =

zHjt F (l1jt , l2jt ; h, , R)dλt (h, , R).

It worth emphasizing that the main focus of the paper is to understand the transition path
following the technology adoption, regarding two main elements: the productivity dynamics and
the change in the skills demand. Accounting in the model for the organizational capital accumula-
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tion according to assumption (3) and its depreciation modeled by a stock loss of φ3 after adoption,
helps to generate the results observed in the data, with two main challenges: The computational
challenge is to carry on a transition distribution determined by three state variables, the idiosyncratic productivity shock, the stock of organizational capital, and a discrete variable that will keeps
track of whether the firm has adopted a robot. And the identification challenge, for which unlike
previous literature invoking the abstract concept, organizational capital h dynamics, is disciplined
by its analogous occupational switching observed in the data. In the next section, I describe the
work done for this two dimensions.

6

Quantitative analysis

6.1

Solution algorithm

I assume the economy is initially in a steady-state equilibrium, where the international price of
robots is high, so no firms are adopting robots. This economy experiences a technology shock
materialized by a reduction in the exogenously determined price of robots, inducing the adoption
of the new technology by some firms. Given the new price, in the long run, the economy converges
to a new steady-state equilibrium.
6.1.1

Steady-state equilibrium

I describe now the steps to compute the initial and final steady-state equilibrium. The computation
method is similar to that of a Bewley-Huggett-Aiyagari model:
• After initializing parameters, guess (w1 , w2 ).
• Derive firms’ labor demands l1 (x) and l2 (x) by maximizing the static profits in equation (7).
• Given (w1 , w2 ) and (l1 (x), l2 (x)), iterate on the value function from equations (8) and (9) until convergence to find organizational capital accumulation h0 (x) and robot-adoption R(x)
rules.
• Iterate over the distribution function to find the invariant distribution λ(h, , R).
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• Compute the aggregate labor demand (L1 , L2 ) from the invariant distribution. Then, compute the wages (w1 , w2 ) implied by equation (11) and compare them with the guess.
• Update the guess until convergence.
6.1.2

Transition dynamics

For the transition-dynamics analysis, consider a permanent change in the price of robots from PR
to PˆR , determined exogenously (Figure 20 shows the evolution of the international price of robots
from 1996 to 2015). The computation of the transition path goes as follows:
• Import the value functions and decision rules, for both the initial and terminal state, from
the steady-state calculations. Also import the invariant distribution at the initial state.
• Guess the time series of {w1,t , w2,t }Tt=0 , as the linear combination of both equilibrium wages,
where t = 1 is the period in which the unexpected change to PˆR happened, and t = T is
sufficiently far in future so we can safely assume that by time T , the economy is sufficiently
close to the new steady state.
• Assume that at t = T + 1, the economy is in the steady state with PˆR . Then, use the terminal
value function from the previous step on the right-hand side of the period-T Bellman equation. Similarly, solve the value functions and the decision rules for t = 1, ..., T by backward
induction.
• Using the decision rule above, the economy can be simulated (again, using the density function) forward, starting from the uploaded density function at the initial steady state. Then,
Tt for t = 1, ..., T can be computed. Compare the result with the guess, and modify and
iterate until convergence.

6.2

Identification of model parameters

To derive the model quantitative implications according to the main observations on the transition
to the equilibrium with robots, I follow different strategies for the calibration of different groups
of parameters as sumarized in Table 3. A first group of parameters relatively standard in the
literature, including {β, α, σ, η, δ}, were externally calibrated. The intertemporal discount factor β
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is set to 0.94 according to Cooley and Prescott (1995). The decreasing-returns-to-scale parameter α
is set to 0.6 considering Baus and Fernald (1997).19 The elasticity of substitution across occupations
σ is set to 0.5 following Humlum (2020) estimations that imply tasks are complements in firm
production. The Frisch labor-supply elasticity η is set to 0.7 following Chetty et al. (2011). So far,
the depreciation rate of organization capital δ is set to 0.1.
Table 3: Parameters of the model
Parameter

Description

Identification

Value

α

Returns to scale

External calibration

0.6

σ

Elasticity of substitution

External calibration

0.5

β

Discount factor

External calibration

0.94

δ

Depreciation

External calibration

0.08

η

Labor supply elasticity

External calibration

0.7

θi

Factor shares of occupation

Match labor composition

θ1 = 1.2

i = {1,2}

2007 - pre-robots

θ2 = 0.8

φH

Hicks productivity shifter

Indirect inference

0.9

φ1

Relative productivity labor

Indirect inference

0.208

φ2

Org Capital loss

Indirect inference

0.208

Additionally, I assign parameter values to the share of production (θ1 = 1.2) and supportactivities workers (θ2 = 0.8) in order to match the pre-robot-adoption composition of labor across
occupations reported in Figure 3.
The remaining four parameters {φH , φ1 , φ2 , φ3 } are identified using an indirect-inference approach based on Akcigit and Kerr (2018), and targeting the transition dynamics induced by the
adoption of the robot technology. Although we cannot identify φ1 and φ2 separately, we will
identify (φ1 − φ2 ), that is, the relative productivity of labor in production versus in supporting activities. To estimate φH , (φ1 − φ2 ) and φ3 , I target as moment conditions three 10-year series: (i) the
marginal effects of robots on labor productivity, (ii) the diffusion of robots, and (iii) the occupation
switching within firms, all over the same time period. I compute various model-implied moments
over the transition path and compare them with the data-generated moments to minimize the
following objective function:
19
Given that Baus and Fernald (1997) show that different levels of aggregation of the data use to estimate this parameter leads to different results, I solved the model for different α values. The model is not sensitive to different values of
this parameter.
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min

3 X
10
X
i=0 t=0

|modelit − datait |
.
1/2|modelit | + 1/2|datait |

(12)

Note that these three parameters play a role only when a firm decides to adopts a robot. Therefore, I fully identify the model at the pre-robot stage, and identify these parameters by targeting
the transition path.
I consider a change in the international price of robots PR as the exogenous shock inducing
robot adoption and the associated effects implied by the model. I discipline the shock on the robot
prices to generate the diffusion of robots across firms, specifically so that the share of adopters
goes from 0.05 to 0.35, after the 10-year period of the adoption of robot technology.

7

Results

The estimated parameter values are for the neutral productivity gains associated to robots φH =0.9,
for the change in the relative efficiency of production vs. support labor induced by robots (φ1 −
φ2 )=0.208, and for the organizational cost of adoption φ3 =0.208. The fit of the model to the data is
remarkably good, as Figure 6 shows.
The prediction of the model for the evolution of labor productivity over the 10-years after the
adoption of the new technology, always lies within the confidence interval of the effects estimated
in Section 3. The diffusion of robot adoption over the 10-year period is followed almost exactly in
every year over the transition path. Finally, the occupation switching at the firm level in the model
goes up immediately as in the data, but by between the third and the six year begins to decrease
gradually, whereas in the data, the abnormal switching stays at the same level until the fifth year,
and by the sixth year, it returns to the pre-robots level.
Another positive finding is that even for the aggregate composition of labor across occupations, whose time series was untargeted, the model predicts the decrease in production workers
and an increase in support workers as in the data, even when the magnitudes and rates of change
do not fit as precisely as for the targeted variables. Figure 7 compares the data and results from
the calibrated model.
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(a) The productivity paradox

(b) Robot diffusion

(c) Occupational switching

Figure 6: Transition path model fit
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Figure 7: Change in the skills demand

8
8.1

Policy Counterfactuals
Innovator’s dilemma

To illustrate the role of φ3 , the parameter that captures the organizational cost of adopting a
new technology, this section analyzes the implications of the model for the innovator’s dilemma.
Named by Christensen (1997) famous book, the dilemma arises when managers, trying to do their
best to satisfy customers’ current needs and minimize the likely short-run increase in waste and
the slowdown of production associated with changes in business practices, end up taking suboptimal decisions, such as avoiding the adoption of new technologies that might lead to large
productivity gains for the company in the long-run.
In terms of the model, suppose managers are pessimistic regarding their expected value of
the organizational cost for the firm to adopt robot technology. Specifically, suppose that when
the managers solve the optimization problem of the firm described by equations (8) and (9), she
believes φ3 is twice as large as it actually is. The manager will take the decisions on robot adoption
R0 for φˆ3 = 2φ∗3 .
The result of this exercise reported in Figure 8 shows the manager’s misperception leads to
about 40% decrease of the number of firms adopting robots and a decrease, similar in magnitude,
in the productivity gains associated with the new technology.
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In Appendix C.3, I perform two possible interventions to compensate for this manager’s overestimation of the organizational cost. The first intervention, reported in Figure 23, considers a 20%
subsidy toward the price of robots, which leads to a 25% recovery versus the case with the conservative φˆ3 , but still 15% below the case with the true φ∗3 . The second intervention, reported in
Figure 24, is a case in which the government without any financial incentive can achieve the previous improvement, consist in allowing non-adopter firms to learn from the experience of early
adopters.
For the second case, in the baseline quantitative exercise I allow firms to learn the organizational cost parameter from early adopters by assuming a learning function φ∗3 , whose initial value
is φˆ3 but as the share of adopters goes to 1, it goes to the true value φ3 . This second exercise
emphasizes the role of sharing information among firms about the true cost and benefits of new
technologies, and is consistent with the formation of clusters of firms of the same industry where
they share expertise and best practices with very successful outcomes.

(a) Robots diffusion

(b) Labor productivity

Figure 8: The innovator’s dilemma: Changes in organizational cost φ3

9

Conclusion

This paper documents the productivity paradox of robots by estimating the dynamic long-term
effects of robot adoption on productivity for Brazilian local labor markets, and find that produc31

tivity gains come five years after adoption.
To investigate the mechanism behind this empirical regularity, I exploit rich employer-employee
data and document the effects of robot adoption in firms’ organizational capital. The findings provide new establishment-level evidence of (i) within-firm labor reorganization (mainly of workers
moving from production to support activities) that last for the same amount of time productivity
gains take to arise and (ii) an immediate drop in organizational capital associated a major technology change, followed by a slow recovery. To my knowledge, this finding is the first micro evidence
of this powerful mechanism since it was defined in Prescott and Visscher (1980). My results go
along with evidence in Bresnahan et al. (2002) on the relevant complementarities between technology investments and organizational investments,while emphasizing that the latter take place
slowly and are associated with the productivity’s slow responses in the short run.
Finally, this paper’s dynamic general equilibrium model with endogenous robot adoption and
organizational capital, fits well three main facts: the diffusion of robot technology, the slow increase in labor productivity, and the within-firm redeployment of workers across occupations.
The model also reproduces consistently, the untargeted structural change in labor composition
across occupations observed over the 10 years after robot adoption. The model emphasizes the
role of organizational capital accumulation for productivity. I provide an example of the utility of
the model built, by using it to understand a common manager or entrepreneur problem such as
the innovator’s dilemma.
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A

Data

A.1
A.1.1

Robots-data validation
Time-series validation: HS and IFR data comparison

To validate the customs records at the country level, I compare its time series with that of the IFR
with a census of robots. Figure 9 shows that the total units of robots imported in Brazil is strongly
correlated with the reported number of installments by the IFR from 2000 to 2016.

Figure 9: Robot adoption over time: Trade vs. IFR data

A.1.2

Geographical distribution validation: Car industry

The automotive industry in Brazil accounts for almost 70% of robots adopted in Brazil. To validate
the distribution of robots across Brazilian municipalities, I conduct the following steps:
1. I build a database with information from Anfavea, the National Association of Vehicle Manufacturers in Brazil, identifying all the openings, closings, and expansions of car plants in Brazil.
2. I describe the time series of robot adoption for each municipality. Figure 10 shows an
example with the local labor market Minas Gerais, where there are four plants in different municipalities. Additionally, I verify that the spikes of robots adopted in that municipality coincides
with an opening or an expansion of a car plant.
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Figure 10: Robots in the automotive industry: Minas Gerais example
Figure 11 shows in blue the intensity of my measure of robot adoption for Southeast Brazil,
the most industrialized region of the country. The red dots are car plants operating in 1997 and
2017, respectively. By inspection, we can verify a correspondence between robot adoption and car
plants opening or expanding.

Figure 11: Robot adoption across municipalities: 1997 vs. 2017

37

A.2

Descriptive statistics of robot adoption

I document that robot adoption at the local labor market level occurs in spikes. Figure 12 shows
the time series of imported robots of a typical local labor market. Note the level of adoption in
years before and after the spike is much smaller than the adoption the year of the spike. Moreover,
as in the example, 92% of the time, the adoption during the year of the spike is more than twice
the mean adoption over the period of analysis (and 89% more than three times the mean).
This observation is consistent with the literature on lumpy investment and previous empirical
work on robot adoption (Bessen et al. (2019), Humlum (2019)) and motivates the event-study empirical strategy used in the empirical section of this paper, as well as the model assumption of the
discrete choice of robots.

Figure 12: Time relative to largest robot adoption spike
I build the measure of value of imported robots per worker as described by equation (1), using
the value of industrial robots in constant reals, imported by a local-labor-market, and divide it by
the total employment in the same location in the oldest year in my sample, 1997. Table 4 shows the
distribution of the constructed variable. Note that even when the median of the value of imported
robots per worker is 6.582, the third quartile is 31.720, that is pulled by super adopters locations.
Finally, note that by the end of the analyzed period, 290 of the 558 local-labor-markets in Brazil
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had never adopted robots, which guarantees that we will always have a control group20 .

Table 4: Value of Robots per Worker

A.3

First Quartile

1.140

Second Quartile

6.582

Third Quartile

31.720

Interquantile Range

30.580

Adopter Labor Markets by 2014

268

Never Adopters by 2014

290

Total Labor Markets

558

Employment data, RAIS

The sample is limited to working-age individuals ages 18–64, who reported to work more than 30
hours per week on December 31 of each year, excluding around 10 percent of the observations.
Workers with multiple jobs represent around 5% percent of the workers, in which case, I include
only the highest-paying job.
Equation (4) includes controls for the following: gender; age computed from the year of birth
and age squared; education level, introduced as a dummy for workers with at least a high school
diploma, who account for more than 60% of Brazil’s formal workers; race, classifying workers as
white (48%), brown (27%), and others (24%); and firm size, classified as small (40%; less than 50
workers), medium (37% 51 - 250 workers), and large firms (17%; more than 250 workers).

A.3.1

Occupational Classification

To analyze workers’ switches across occupations, and to avoid identifying renamings or reclassification as switches, I group the 6-digit CBO-2002 occupation codes available at RAIS into the
20

This has been stressed by the new econometric literature analyzing diff-in-diff exercises with multiple time periods.
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Table 5: Macro outcome variables
ln(Productivity)
ln(Av. Wage)
ln(Empl.)
ln(Labor Share)
Value of Robots per Worker
No. Observations

3.839
(0.378)
6.185
(0.325)
9.906
(1.366)
2.870
(0.543)
22.688
(121.324)
558

six categories proposed by Bernard et. al. (2017): managers, RD/tech, production, support, sales,
transport and warehousing, and production workers.
Figure 3 shows that production and support workers are not only those occupation groups
with a larger share of workers, but are also the ones who face most of the dynamics observed in
the second part of the 2000, when robot adoption became more prevalent.
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B
B.1

Stylized Facts
Effect of robots in labor share

The effects of robot adoption on labor share are estimated by running equation (1) with this dependent variable. The results, reported in Figure 13, are consistent with the literature on labor
market polarization as well as with the results from Figures 1 and 25(b) that show that even when
they have the same patterns, labor-productivity growth increases more than wages.

Figure 13: Robot-adoption effects on labor share

B.2

Occupation switching

Table 6 contain the mean and standard deviation of the occupation switching in 2000, as a reference
year before the larger adoption is observed in Brazil according with Figure (9), that is observed at
the worker level. Note that the occupation switching of workers within firm is on average of aTable 6: Micro outcome variables
Workers occupation switching

0.119
(0.325)

Firms organizational capital
No. Observations

35,305,038
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2.391
(3.069)
4,785,634

round 11%. The same table reports the mean and standard deviation of the organizational capital
measure at the firm level, which are 2.39 and 3.07 respectively.
Figure 14 reports the result from estimating equation (4) with directed occupational switching
moving out of or into production activities. Figure 15 is the analogous report but moving out
of or into support activities. The relevant dynamics are mainly associated with workers who are
moving out of the two occupations likely being substituted by robots, such as those workers in
production and transport (or logistics in production) activities, in both cases when workers move
towards supporting activities.

Figure 14: Robot-adoption effects on occupation switching from or to production

B.3

Robustness checks

Figure 16 presents the results of two sanity checks regarding the possibility of the labor mobility
documented in section 4, to be driven by churning. The graph on the left of Figure 16 presents the
estimated dynamic effects of robots on the probability of a separation. The graph on the right Figure 16 presents the results for the probability of a worker being hired. Both support the proposed
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Figure 15: Robot-adoption effects on occupation switching from or to support activities
mechanism.
Figure 17 presents the results of checking for the possibility that the labor mobility induced
by robots was generated by good workers moving across firms injecting their experience in the
firm of arrival, which would go against labor mobility being a cost from the firm perspective. The
figure shows no effects of robots on labor mobility across firms, but a slight reduction in years five
and six after the adoption, also supporting the proposed mechanism.
Figure 18 shows the effects of robot adoption on workers’ occupational switching for two
groups of manufacturing industries, adopter (Food and Beverages, Electronics, Automotive, Other
vehicles, and Other manufacturing) and non-adopter (Wood and Furniture, Paper and Plastics,
Metal Products, Metal Machinery, and Textiles) industries according to the IFR.
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Figure 16: Robot-adoption effects on separations and firings

Figure 17: Robot-adoption effects on firm switching

B.4

Firing cost

Figure 19 presents the results of running equation (1) for local labor markets with low firing costs
(on the left) and high firing costs (on the right), defined as detailed in the main text of the paper.
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Figure 18: Robot-adoption effects on occupational switching, by industry

(a) Low firing cost

(b) High firing cost

Figure 19: Labor productivity for low and high firing cost
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C

Model

Proposition 1. Let σ ∈ (0, 1) and suppose (φ1 −φ2 ) > 0 and h(φ1 −φ2 )−φ3 < 0, then robot adopter
firms:
• In the period of adoption (τ = t), (l2 /l1 ) decreases. Therefore, firms will increase the demand
for production workers versus support workers.
• For later periods, (τ ≥ t + 1), (l2 /l1 ) increases. Therefore, firms will reduce the demand for
production workers and increase the demand for support workers.
Proof. Consider the firms’ intra-temporal equilibrium condition described in equation (8). The
right-hand side of that expression is the marginal rate of transformation (MRT) for the production
function (6). To prove the first bullet, take the derivative of the MRT with respect to robots in the
short run, when the (∂h/∂R) is given by the organizational cost of adoption φ3 , as follows:
∂M RT
=
∂R



w1 θ 2
w2 θ 1

σ 

eR(φ1 −φ2 )

(1−σ)

h−σ (1 − σ)[h(φ1 − φ2 ) − φ3 ].

The first terms are positive; therefore, the sign of the derivative will be determined by the sign
of the term in the brackets. Therefore,

if [h(φ1 − φ2 ) − φ3 ] < 0 ⇒

∂M RT
< 0.
∂R

For the equilibrium condition (8) to continue holding, firms’ will have to reduce l2 and/or
increase l1 .
For the second bullet, we rely on the derivative of the MRT with respect to robots in the long
run, when (∂h/∂R = 0), leading to the following expression:
∂M RT
=
∂R



w1 θ 2
w2 θ 1

σ 

eR(φ1 −φ2 )

(1−σ)

h−σ (1 − σ)[h(φ1 − φ2 )]

Therefore, as long as [h(φ1 − φ2 )] > 0, it will be the case that ∂M RT /∂R > 0. In this case, the
equilibrium condition (8) will push the firms to reduce the demand for production workers (l1 )
and increase the demand for support workers (l2 ).
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C.1

Transition dynamics

As described in section 6.1.2, both in the data and in the model, the transition dynamics are induced by a permanent change in the price of robots from PR to PˆR , determined exogenously.
Figure 20 shows the evolution of the international price of robots from 1996 to 2015.

Figure 20: Price of industrial robot
Figure 21 shows the transition distribution after a change in price in t=0. Recall that the distribution of firms will have three state variables: productivity , stock of organizational capital ,
and whether the firm has a robot. Three observations (pending to formalize in the main body) are
relevant for our policy experiments:
1. Adoption occurs gradually over time depending on , h, and R.
2. Adopter firms accumulate more organizational capital than non-adopters; a threshold of
organizational capital separate these two groups;
3. The overall levels of organizational capital are lower for low-productivity firms than for
productive ones.

C.2

Calibration

The model is fully calibrated at the initial steady state, and parameters φ1 , φ2 & φ3 are calibrated
to minimize the difference between the model and data moments displayed in the following table.
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Figure 21: Industrial Robot Price
I discipline the exogenous change in price in the model (observed in Figure 11), by the observed
geographical diffusion of robot adoption, shown in Figure 12.

Figure 22: Share of adopter municipalities by local labor market

C.3

Counterfactual experiment: the innovator’s dilemma

This section of the Appendix presents the results of a counterfactual experiment regarding the
organizational cost of adoption φ3 , described in section 8.1, and what is known as the innovator’s
dilemma. I perform two possible interventions to compensate for the manager overestimation’s
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of the organizational cost:
1. A 20% subsidy toward PR that leads to a recovery of 25% caused by considering φˆ3 but still
15% below the case with the true φ∗3 .

(a) Robots diffusion

(b) Labor productivity

Figure 23: Effect of a subsidy on diffusion and productivity

2. A case in which the government can achieve the previous improvement, by disseminating
the experience of adopter firms among non-adopters. I assume a learning function, in the
spirit of Mukoyama (2005), defined to be an exponential and that initially will take values
close to φˆ3 , but as the share of adopters goes to 1, they converge to the true φ∗3 , and produce
a more pronounce S-shape diffusion curve.
φ3 = φ∗3 × exp (ξ(1 − Shareadopters))
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(a) Robots diffusion

(b) Labor productivity

Figure 24: Effect of learning on diffusion and productivity

(a) Robots diffusion

(b) Labor productivity

Figure 25: Comparison of subsidy vs. learning
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