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A B S T R A C T   

The impact of companies’ adoption of robotics is increasingly interesting. This study aims to elucidate how the 
adoption of these technologies will affect companies and society. Companies that use these technologies expect 
to gain a competitive advantage, but robotization implies risks that must be managed by companies and gov-
ernments. This research focuses on one of the most sensitive elements of this transformation process—the 
workforce. 

First, we analyze the characteristics of the workforce and the degree of adoption of robotics using a sample of 
4,640 firms with 26 years of observation. We develop a predictive model using a supervised artificial neural 
network multilayer perceptron (ANN-MLP) to evaluate a company’s readiness to make this transformation ac-
cording to its workforce’s characteristics. 

Second, we focus on the characterization and segmentation of the companies for which the ANN-MLP is unable 
to correctly predict the degree of adoption of robotics. This classification failure means that there are uniden-
tified factors that determine why a company has a workforce composition and structure that do not correspond to 
its expected degree of robotization. For this analysis, we investigate the main business indicators of these 
companies and cluster them using an unsupervised artificial neural network, specifically the Kohonen self- 
organizing map. 

Our findings will enable companies to understand the importance of transforming to robotics at the right 
moment, considering factors such as the optimum structure and composition of the workforce. The combination 
of technology and human capital is the key to boosting the efficiency of the transformation process toward ro-
botics. At this point, a recommendation model to determine whether the company has sufficient maturity to 
make the transition is crucial for decision makers.   

1. Introduction 

The automation and robotization of firms are modifying industry and 
society as they are transforming workers’ employment conditions, the 
skills required to find a “good job,” and the future of the workforce’s 
contribution to productivity. There is a heated controversy in academic 
research and the media concerning how these technologies and changes 
are affecting employment in the US, Europe, and developing countries. 
Acemoglu and Restrepo (2019, 2020) differentiate between the effects 
in the short run, including the sector changes of labor, skills, output, and 
relative prices in the US. Doraszelski and Jaumandreu (2018) and 

Gregory et al. (2019) obtain similar findings for different European 
countries. Faber (2020) and Kugler et al. (2020) report on the effects of 
reshoring that robotization is having in developing countries, thus 
changing trade and industrialization patterns. 

However, there is no explanation on how the changes in productivity 
and the complementarities between some of these technologies occur. 
There are several plausible explanations: erroneous measurement of 
creative destruction, which suggests that new products offer greater 
quality and utility to consumers (Aghion et al., 2019), miscalculations in 
e-commerce goods’ price indices, especially when considering free 
products in online markets (Brynjolfsson & Oh, 2012; Goolsbee & 
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Klenow, 2018), or the fact that unemployment grows in developed 
economies as a result of the reversal in corporate productivity growth 
following the initial gains of the information and communication tech-
nology (ICT) revolution (Syverson, 2011). 

The productivity growth in the economies of Western countries that 
has been achieved this century is due to ICT firms. Its impact has been 
both direct, through innovative firms, and indirect, through the effects 
that technological innovation has had on the traditional sector, and has 
been greater when the digital transformation of firms has occurred 
(Kraus et al., 2019). This transformation has required complementarities 
related to workers’ knowledge and skills, in both new and established 
companies, to create what Ribeiro et al. (2018) refer to as a “virtuous 
circle” within a firm. 

To bridge this gap and characterize the technologies and human 
capital that allow firms to become robotic, we utilize data from the 
Survey on Enterprise Strategies (Encuesta sobre Estrategias Empresar-
iales or ESEE). The ESEE provides a representative data panel of Spanish 
industrial companies, collected through an annual survey undertaken by 
the Spanish Ministry of Finance and Public Administration. It covers a 
lengthy period, from 1990 to 2016, including the economic recession of 
2008 and the subsequent recovery period (Torrent-Sellens, 2018). 

Unlike much of the previous research that has focused mainly on the 
effect of robotization at an aggregate level, this study is unique as it 
focuses on the individual analysis of each company (Seamans & Raj, 
2018). The second new feature of this research is its empirical strategy. 
To provide new evidence on the effects of robotization, digitization, and 
innovation on productivity and employment in companies, we investi-
gate why some firms demonstrate anomalous behaviors in their adop-
tion of robotics by using artificial intelligence (AI) strategies, as 
suggested by Athey and Imbens (2019). 

The empirical strategy combines, for the first time to our knowledge, 
two different types of neural networks to understand the complex de-
cisions of robotic adoption. First, it focuses on explaining, through a 
supervised artificial neural network (ANN), why firms robotize (Bal-
lestar, Doncel, Sainz, & Ortigosa-Blanch, 2019). The model explains 
71.06% of firms’ decisions regarding the adoption of robotics and their 
main drivers. These results are in line with the findings of Acemoglu and 
Restrepo (2019), Beane and Brynjolfsson (2020), and Gregory et al. 
(2019). These authors, as well all the previous literature review and only 
focus on firms that have adopted robotics, thus overlooking the question 
of why some firms do not automate. Our second contribution is to 
investigate the approximately 30% of firms that do not demonstrate the 
expected behavior regarding robotization. We research the causes of 
that choice through an unsupervised ANN, as defined by Kohonen 
(1995). The results describe the components of those choices in detail 
and indicate why firms decide not to automate at the expected time or 
earlier than expected. 

The remainder of the document is structured as follows: Section 2 
presents the review of the literature and the theoretical framework; 
Section 3 describes the data and the empirical strategies for their anal-
ysis; Section 4 discusses the results; and Section 5 presents the conclu-
sions of this research and offers proposals for future research. 

2. Theoretical framework 

Robotics, AI, machine learning (ML), and large volumes of data are 
inseparably linked in the innovation economy in general but especially 
in the industrial sector. As they have evolved, companies have focused 
on the need to offer better products of higher quality, improve their 
technology, and promote new developments (Dickson & Hadjimanolis, 
1998). 

The effects of this complementarity are diverse and not yet fully 
understood. Some issues have aroused great social interest, such as the 
effect on employment, because this not only entails the replacement of 
workers but also the shift in the manufacturing process as work per-
formed by machines substitutes human labor to increase the quality and 

reduce the unit cost (Muro et al., 2019). The impact will be striking for 
companies: the OECD estimated in 2019 that 14% of current jobs may 
disappear due to automation and that 35% may be seriously affected by 
the same issue. 

The effect on the labor market will be considerable, either directly or 
indirectly, owing to the successive displacement of employees expelled 
from their previous jobs to other jobs and often needing other qualifi-
cations. Chui et al. (2016) estimate that, in predictable physical activ-
ities, such as production lines and packaging, and depending on the 
complementarities, substitution could reach 78% in less predictable 
activities, such as forestry or agriculture, whereas the level of substitu-
tion is likely to be 25%, while substitution in services will depend on 
their characteristics. 

Graetz and Michaels (2018) focus on the shift in productivity 
engendered by this change by analyzing the role of robots using data 
from the International Federation of Robotics (IFR). Their estimates 
show no change in the number of hours worked following the increase in 
robot density but a change in employees’ composition, with techno-
logical bias in favor of high- and medium-skilled employees. Faber 
(2020) and Kugler et al. (2020) obtain a similar result but for the impact 
on outsourcing: the increase in automation density in the US is exerting a 
negative effect on the delocalization of production from Latin America, 
thereby creating an effect of asymmetry in skills and knowledge. 

Acemoglu and Restrepo (2019), also using data from the IFR, esti-
mate the effect of competition between robots and human labor on 
employment and wages in the US. They report a net reduction in 
replacement employment between the two, which may be related to 
differences in use between sectors. Using similar data, Frey and Osborne 
(2017) point to a reduction in employment in sectors that are already 
traditional robot users, such as the automotive sector, as well as in non- 
tradable sectors, such as services. 

Seamans and Raj (2018) believe that aggregate data do not offer a 
full image of the technological shift and suggest the use of company 
data. Building on this intuition, Ballestar et al. (2021) and Doraszelski 
and Jaumandreu (2018) identify a positive bias in technological change 
toward employment. With the same data, through ML methods, Bal-
lestar et al. (2020) confirm that there is a significant (5%) and growing 
factor in productivity gains linked to a greater presence of quality 
human capital in the company, but they do not provide details of how 
these gains are achieved. 

Blanas et al. (2019) use the company data included in the EU KLEMS 
data panel. Thus, using a relatively simple model of labor demand, they 
find that workers performing routine and low-skilled tasks, typically 
women and young people, will be the most affected by the introduction 
of robots because of productivity gains, while they establish that the 
entry of robots determines the size of firms’ workforces. 

These analyses represent an advance in, but do not detail, the char-
acteristics of this change corresponding to the training of employees, the 
way in which enterprises have changed the knowledge management of 
their human capital, and the effects of these changes linked to training. 
Thus, it is important to identify the complementarities of change in 
employment and productivity to design the training policies needed to 
avoid unemployment and focus on the most disadvantaged groups. 

Autor and Salomons (2018), Ballestar et al. (2021), and Doraszelski 
and Jaumandreu (2018) show that productivity growth is one of the 
main benefits of expanding competition, with the results that industries 
can benefit from labor-increasing productivity through complementar-
ities while employment appears to fall within an industry as industry- 
specific productivity increases. Positive spillover effects for some sec-
tors more than offset the negative effects in others. 

As suggested by Seamans and Raj (2018), empirical work using 
mainly aggregate statistics by industry or country fails to ascertain how 
complementarities are hidden under market structures. However, as we 
have seen, all the research has focused on firms that have embraced the 
change. Our research concentrates, for the first time to our knowledge, 
on why some firms behave unexpectedly in their adoption or lack 
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thereof of robotics. 
As Currie et al. (2020) and Gómez (2019) show, the new availability 

of data necessitates new methods in the field of economics and man-
agement. Empirical models, as well as any theory that they sustain, are 
related to a specific situation, but if “the heterogeneity is limited 
enough, the well-understood past can be informative about the future,” 
as corroborated by Angrist and Pischke (2010). Therefore, our first hy-
pothesis (H1) concerns whether an empirical predictive ML model can 
evince if a given company, a large company or a small and medium-sized 
enterprise (SME), should be robotic depending on its structure, 
composition, workforce characteristics, size, and activity sector. 

Our second hypothesis (H2) derives from the previous one. We 
investigate whether the ML results are as similar to econometric models 
as those obtained by Acemoglu and Restrepo (2019) or Autor and Sal-
omons (2017) or the AI models by Ballestar et al. (2021). That is, H2 
indicates that the robotization of companies involves an increase in the 
average cost per employee, with two underlying sub-hypotheses: this 
cost increase is directly related to a company’s investment in employees 
with a higher level of education (H2a); and this cost increase is directly 
related to the improvement in labor conditions and the type of profes-
sional relationship between the employee and the company (H2b). 

One of the main issues relates to how automation will affect labor in 
companies (Autor & Salomons, 2017, 2018; Goos et al., 2009; Gregory 
et al., 2019). Following the previous literature, we test our third hy-
pothesis (H3) that entails whether a company’s workforce itself repre-
sents a competitive advantage among companies with the same level of 
adoption of robotics. 

Gaimon (1985) focuses on the optimal mix of automation and labor 
employed by an organization when introducing new technologies, 
finding that the optimal mix increases the productivity and output and 
improves the structure of the firm. Our model also aims to show how the 
composition, structure, characteristics, and size of the workforce play an 
important role in the degree of success of the adoption of robotics and, 
consequently, in its expected benefits in terms of productivity and 
profitability (H4). 

We test the relevance of facing the transformation at the optimum 
time for the adoption of robotics, following Cotteleer and Bendoly 
(2006) study on the adoption of information systems. Early or postponed 
adoption of robotics, before a firm is organizationally prepared, has a 
negative impact on the degree of success of the adoption of robotics and 
its expected benefits in terms of productivity and profitability (H5). 

3. Data collection and empirical analysis 

We analyze data from the ESEE, which is a panel that contains data 

gathered from Spanish manufacturing businesses from 1990 to 2016, the 
last available year, conducted by the Spanish Ministry of Finance and 
Public Administration. This is a very comprehensive database and offers 
two major benefits. It covers 26 years, including the economic recession 
and the subsequent recovery. The data also allow us to perform a 
comprehensive analysis of the microeconomics of productivity and an 
evaluation of the impact of specific economic events on manufacturing 
firms (Torrent-Sellens, 2018). To maintain the same size of the panel 
over the period, it is necessary to add some new companies to replace 
some that have dropped out. The sample of companies participating in 
the panel is provided by the Spanish Ministry of Finance, following the 
EUROSTAT guidelines. 

The survey differentiates various company sizes: large companies, 
which have more than 200 workers, and SMEs, with 10 to 200 workers. 
The sample comprises all the large companies, stratified proportionally 
and systematically sampled by industry (CNAE: national economic ac-
tivity two-digit classification code), and SMEs, sampled by the size of the 
firm. The sample contains companies from 20 different activity sectors 
(Appendix A Table A1, Table 1, and Table 2). 

Our working sample contains the 4,640 manufacturing firms sur-
veyed in the ESEE, whereof 3,678 (79.27%) are SMEs and 962 (20.73%) 
are large companies, and they cover two main areas. The first area is 
strategic decision-making, namely, decision-making on prices, costs, 
markets, and investment. The second area is the value creation process, 
which involves human capital, organization, innovation, R&D, and ICT 
use. In addition, the most relevant indicators and ratios from balance 
sheets and profit and loss accounts are included. 

This research is carried out in two stages. First, we analyze the re-
lationships between human capital, workforce structure, composition, 
and characteristics, comparing the degree of adoption of robotics by 
companies. Second, based on these results, we analyze the main business 
indicators of these companies and group them into clusters to clarify 
why some companies adopt robotics at a different pace from others. 

In the survey, business indicators and the composition, structure, and 
characteristics of the workforce are available for each year, but the in-
formation on the use of robotics is collected only every 4 years. Hence, 
our analysis focuses on a longitudinal sample of 7 years comprising 
12,774 records from the 4,640 companies, from 1991 to 2014, without 
losing representativeness. This method is equivalent to performing 
systematic sampling of all the companies in the ESEE survey every 4 
years (Maravall & del Río, 2007). 

Data mining is performed using Python, creating a single table with 
12,774 records, 9,883 for SMEs (77.37%) and 2,891 for large firms 
(22.63%), which capture the longitudinal information of business in-
dicators and the adoption of robotics over time in the form of 96 

Table 1 
Variables used in the multilayer perceptron artificial neural network (ANN-MLP).  

Input Variables Description 

Variables that capture the type of professional relationship between the employee and the company 
PERFTC_PERC Numerical variable that captures the percentage of full-time workers with permanent employment in the company. 
PERFTP_PERC Numerical variable that captures the percentage of part-time workers with permanent employment in the company. 
PERE_PERC Numerical continuous variable that captures the percentage of temporary workers in the company.  

Variables that capture the employees’ level of education 
PNT_PERC Numerical variable that captures the percentage of non-graduate workers in the company. 
PTIM_PERC Numerical variable that captures the percentage of workers in the company who hold a bachelor’s degree (4-year university degree). 
PIL_PERC Numerical variable that captures the percentage of workers in the company who hold a master’s degree (4 + 2-year university degree).  

Variables that capture the economic activity of the company related to employees 
PERTOT Numerical variable. Number of employees. Following the ESEE survey criteria, small or medium enterprises have between 10 and 200 workers and large 

companies have more than 200 workers. 
CP_PER_PERSON Numerical variable that captures the costs per employee (thousands of euros). These costs are directly related to a company’s investment in employees in 

terms of internal training, improvement in employees’ skills, and wages. 
NACE Categorical variable capturing the economic activity of the company. There are 20 economic activities in the manufacturing sector (Appendix A, Table A1).  

Output Variable Description 
RBN Dichotomous variable that is the target value or desired output and indicates whether the company has adopted robotics within the period of observation. 

Value 1: robotic company; value 0: non-robotic company.  
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variables. After conducting iterative descriptive and causal analyses, 20 
of these variables are found to be statistically significant and relevant for 
the empirical analysis in this research. These variables are calculated by 
using the same method for both SMEs and large firms. The descriptive 
and causal analyses of these variables are detailed in the following 
sections (Sections 3.1 and 3.2). The causal analysis is developed using 
both supervised and non-supervised neural networks in two different 
stages. Neural networks are able to capture causal and interactive re-
lationships, and they have the capability of general function approxi-
mation, being able to capture both linear and non-linear relationships 
(Buckler, 2001; Garbe & Richter, 2009). 

3.1. Empirical analysis: First stage 

The contribution of this research is dual. In the first stage, we focus 
on the development of an empirical ML predictive model based on an 
ANN, as designed by Ballestar, Doncel, Sainz, and Ortigosa-Blanch 
(2019), Ballestar, Grau-Carles, and Sainz (2019). This model de-
termines whether a given company should be robotic within the period 
of observation. This will depend on the structure, composition, and 
characteristics of the workforce, as well as the size of the company and 
its activity sector. This predictive model is valuable for decision makers 
in companies to reduce uncertainty when evaluating the readiness of the 
workforce to adopt robotics, thereby allowing them to avoid unnec-
essary risks derived from adopting the technology prematurely or the 
costs of opportunity arising from a postponed decision and its late 
adoption (Ballestar et al., 2021). 

3.1.1. First stage: Method 
Artificial neural networks are mathematical models that can be 

implemented easily. They can manage and analyze large datasets even 
when complex relationships, both linear and non-linear, exist between 
the input and output variables. These characteristics make ANNs an 
attractive alternative to the traditional methods that are widely used for 
developing predictive models when the dependent variable is dichoto-
mous, such as logistic regression (Paliwal & Kumar, 2009; Tu, 1996). 

This research employs a feed-forward multilayer perceptron (MLP) 
ANN model, which is one of the most popular types of ANN (Ballestar, 
Doncel, Sainz, & Ortigosa-Blanch, 2019; Ballestar, Grau-Carles, & Sainz, 
2019; Hu & Weng, 2009; Kavzoglu & Mather, 2003). This is a supervised 
method that supports both qualitative and quantitative variables as 
input variables but requires a working sample with target and non-target 
real cases in the output variable to perform the learning process (Aad 
et al., 2012). Consequently, the accuracy of the resulting predictive 
model will depend on the size and variety of cases available in the 
working sample, which must be representative of all the possible re-
lationships between the independent and the dependent variables (Li & 
Eastman, 2006). 

In this model, the input variables correspond to the independent 
variables, which capture the type of professional relationship between 
the employees and the company, the employees’ level of education, the 
cost per employee, the number of employees, and the activity sector of 
the company. The output variable corresponds to the dependent vari-
able, which is the target value and ascertains whether the company, with 
the specified characteristics defined by the input variables, should be 
robotic within the period of observation. These variables are described 
in Table 1, and their descriptive analysis is detailed in Table 2. 

The MLP-ANN model is trained using 12,774 records from 4,640 
companies within the period of observation between 1991 and 2014. We 
use the training–testing–validation method, which randomly splits the 
working sample into three groups as follows: the training sample is used 
to create the model and train it, and it comprises 69.5% of the working 
sample, with 8,882 records. The testing sample is an independent 
dataset that is used to track the MLP-ANN errors within the training 
process and prevent overtraining. It consists of 20.5% of the working 
sample, with 2,617 records. Finally, the validation or holdout sample is 
also an independent dataset that is used to validate the predictive power 
and stability of the model and accounts for 10% of the working sample, 
with 1,275 records (Flexer, 1996). 

Because the companies that have adopted robotics only represent 
38.28% of the sample (26.80% of the total records), the dataset is un-
balanced. This means that the group of robotic companies in the target 

Table 2 
Total working sample: Descriptive analysis of the input and output variables in the multilayer perceptron artificial neural network from all the companies in the 
working sample between 1991 and 2014.  

ANN Input Variables 

Average PERFTC_PERC PERFTP_PERC PERE_PERC PNT_PERC PTIM_PERC PIL_PERC PERTOT CP_PER_PERSON 

Large Firms 86.12% 1.01% 12.86% 83.74% 8.43% 7.81% 850.87 €33.62 K 
SMEs 79.13% 2.45% 18.42% 89.74% 5.73% 4.52% 69.44 €24.27 K 
Total Portfolio 80.71% 2.12% 17.16% 88.41% 6.33% 5.25% 246.30 €26.39 K  

Std Dev. PERFTC_PERC PERFTP_PERC PERE_PERC PNT_PERC PTIM_PERC PIL_PERC PERTOT CP_PER_PERSON 

Large Firms 15.34% 3.28% 15.17% 15.57% 9.61% 9.22% 1,490.32 €13.68 K 
SMEs 23.89% 7.05% 23.71% 13.16% 9.10% 7.39% 99.47 €14.92 K 
Total Portfolio 22.43% 6.42% 22.19% 13.95% 9.28% 7.95% 785.57 €15.16 K  

Economic Activity (NACE) 1 2 3 4 5 6 7 8 9 10 

Portfolio 149 460 99 442 169 163 146 244 296 244 
Portfolio (%) 3.21% 9.91% 2.13% 9.53% 3.64% 3.51% 3.15% 5.26% 6.38% 5.26% 
ow Large Firms (%) 20.13% 22.39% 34.34% 13.12% 1.78% 9.82% 23.97% 17.62% 40.54% 16.80% 
ow SMEs (%) 79.87% 77.61% 65.66% 86.88% 98.22% 90.18% 76.03% 82.38% 59.46% 83.20%  

Economic Activity (NACE) 11 12 13 14 15 16 17 18 19 20 Total 

Portfolio 333 131 516 268 139 207 190 86 238 120 4,640 
Portfolio (%) 7.18% 2.82% 11.12% 5.78% 3.00% 4.46% 4.09% 1.85% 5.13% 2.59% 100.00% 
ow Large Firms (%) 18.92% 40.46% 11.24% 20.52% 35.97% 37.20% 38.95% 31.40% 4.62% 9.17% 20.73% 
ow SMEs (%) 81.08% 59.54% 88.76% 79.48% 64.03% 62.80% 61.05% 68.60% 95.38% 90.83% 79.27%  

ANN Output Variable 

Average Robotic (RBN¼1) 

Large Firms 50.95% 
SMEs 19.73% 
Total Portfolio 26.80%  
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variable is less represented in the sample within the period of observa-
tion than the group of non-robotic ones. 

This type of bias, which can negatively affect the classification per-
formance of the MLP-ANN, is managed by applying an oversampling 
method to the minority group in the training sample to balance the 
weights between target (robotic) and non-target (non-robotic) com-
panies (Ballestar, Doncel, Sainz, & Ortigosa-Blanch, 2019; Ballestar, 
Grau-Carles, & Sainz, 2019; Ganganwar, 2012; Guo & Viktor, 2004; Sun 
et al., 2009). The testing and validation or holdout samples remain 
unbalanced. In that way, the MLP-ANN shows its predictive power and 
stability in a real-world scenario after being trained with the balanced 
sample. We apply a marginalization method to handle 183 records 
(1.43%) with missing values that are randomly distributed in any of the 
input variables without biasing the working sample (Wagstaff, 2004; Yu 
et al., 2014). 

Thus, the MLP-ANN architecture is structured in three layers. The 
connection starts in the input layer, with 28 units that receive values 
from 9 independent unit variables. These 28 units in the input layer are 
the sum of 8 covariates (quantitative variables) and 20 categories on the 
factor level (categorical variable). Thereafter, the connection passes 
through the hidden layer, which has six units. Finally, the connection 
ends in the output layer, which has two units that correspond to the 
dependent output variable. The first unit refers to the target value 
(companies that have adopted robotics within the period of evaluation), 
and the second unit refers to the non-target value (companies that have 
not adopted robotics within the period of evaluation) (Fig. 1). 

In our MLP-ANN, the hyperbolic tangent is the activation function 
for all the units in the hidden layer, and the softmax function is the 
activation function for the two units in the output layer. The training 
process is conducted using a backpropagation algorithm to calculate the 
weights in the MLP-ANN that minimize the cross-entropy error between 
the target and the predicted outcome. 

3.1.2. First stage: Empirical analysis and results 
In the following sections, we focus on evaluating the performance of 

the MLP-ANN using the classification accuracy, its sensitivity, its spec-
ificity, the area under the receiver operating characteristic (ROC) curve 
(AUC), and the Gini coefficient. We also analyze the normalized 
importance of each input variable in the estimating model, as well as the 

MLP-ANN results and implications. 

3.1.2.1. Evaluation criteria of the MLP-ANN model. The overall classifi-
cation of the model is 71.06% (an error rate of 28.94%). As the output 
variable in this MLP-ANN is dichotomous, the accuracy represents the 
percentage of success when the model predicts whether a company 
should be robotic according to its size and activity sector, as well as the 
structure, composition, and characteristics of its workforce. 

The classification accuracy and confusion matrix of the MLP-ANN 
model by sample (training, testing, and holdout) is shown in Table 3. 
The percentage of correctly classified cases is similar across the three 
samples, indicating that the model is not overtrained. 

The sensitivity or percentage of true positives is 73.27%. This value 
refers to the percentage of companies that are correctly classified as 
robotic based on their observed characteristics in a specific year. The 
specificity or percentage of true negatives is 68.90%. This value refers to 
the percentage of companies that are correctly classified as non-robotic 
based on their observed characteristics in a specific year. 

The complementary value is the percentage of false positives, which 
is 31.10% and refers to the percentage of non-robotic companies that are 
incorrectly classified as robotic by the model based on their observed 
characteristics in a specific year. Finally, false negatives account for 
26.73% of robotic companies that are incorrectly classified as non- 
robotic by the model based on their observed characteristics in a spe-
cific year. 

In this research, we use the AUC as the main classification perfor-
mance indicator of the MLP-ANN as it is more robust than the classifi-
cation accuracy indicator when the sample is imbalanced (Ballestar, 
Doncel, Sainz, & Ortigosa-Blanch, 2019; Ballestar, Grau-Carles, & Sainz, 
2019; Chen et al., 2008; Dželihodžić & Jonko, 2016; Jensen, 1992). The 
AUC values range from 0.5, meaning that the model makes a random 
classification, to 1, meaning that the model makes a perfect 
classification. 

We evaluate the testing sample (AUC equals 0.768) and the holdout 
sample (AUC equals 0.774) but not the training sample, which could be 
misleading. Both AUCs are higher than 0.7, indicating that the model is 
good (Hosmer, Lemeshow, & Sturdivant, 2013). 

In addition to the AUC, we calculate the Gini coefficient, which is 
related to the AUC as it represents twice the area between the ROC and 

Fig. 1. Multilayer perceptron artificial neural network (MLP-ANN) architecture.  

M.T. Ballestar et al.                                                                                                                                                                                                                            



Journal of Business Research 142 (2022) 328–343

333

the diagonal. The Gini coefficients are 0.53 for the testing sample and 
0.54 for the holdout sample. 

We also calculate the relative importance of the input variables in 
estimating the MLP-ANN model. The variables’ importance has no 
relationship with the model’s accuracy as their only purpose is to pro-
vide information about the importance of each input variable when 
making the overall prediction. As they are relative values, their total 
sum is 1 (Ballestar, Doncel, Sainz, & Ortigosa-Blanch, 2019; Ballestar, 
Grau-Carles, & Sainz, 2019). Three variables accumulate 49% of the 
relative importance: the cost per employee (0.21), the percentage of 
part-time workers with permanent employment in the company (0.14), 
and the number of employees in the company (0.14). The following six 
variables account for the other 51% as follows: the economic activity 
sector (0.12), the percentage of workers with a master’s degree (0.11), 
the percentage of workers with a bachelor’s degree (0.10), the per-
centage of non-graduate workers (0.07), the percentage of full-time 
workers (0.05), and the percentage of temporary workers (0.05). 

3.1.2.2. MLP-ANN results. Table 4 shows the descriptive statistics for 
71.06% of the cases from companies in which the adoption of robotics is 
correctly predicted by the MLP-ANN model. These findings allow deci-
sion makers in companies to determine whether their workforce is ready 
to face the transition to robotization or whether structural changes still 
need to be made to achieve success in their transformation. Following 
these benchmarks, as shown in Table 4, companies can redirect their 
efforts to the most relevant aspects when defining the human capital 
strategies in their robotics adoption life cycle. These results confirm H1 
and are in line with those of Acemoglu and Restrepo (2019), Autor and 
Salomons (2017), and Ballestar et al. (2021), thus reinforcing the idea 
that the new availability of data calls for new methods in the field of 
economics and management (Currie et al., 2020; Gómez, 2019). 

The costs per employee are higher in large firms than in SMEs, and 
they increase when companies make the transition to robotics. The 
minimum average costs per employee are €20.71 K for non-robotic 
SMEs, and the maximum average costs per employee are €35.27 K for 
large robotic companies. These findings corroborate H2 and are in line 

Table 3 
Model accuracy and confusion matrix.  

Model Accuracy Confusion Matrix     

Predicted     

Sample Size Percentage 

Sample Percentage Correct Sample Observed 0 1 0 1 

Training 71.06% Training* 0 4,437 2,003 68.90% 31.10%    
1 1,681 4,608 26.73% 73.27% 

Test 69.49% Test 0 1,281 593 68.36% 31.64%    
1 191 505 27.44% 72.56% 

Holdout 70.71% Holdout 0 640 285 69.19% 30.81%    
1 84 251 25.07% 74.93%  

* Oversampled to balance the sample. 

Table 4 
Descriptive statistics from the 71.06% of cases correctly predicted by the model (MLP-ANN).  

Average PERFTC_PERC PERFTP_PERC PERE_PERC PNT_PERC PTIM_PERC PIL_PERC PERTOT CP_PER_PERSON 

Non-robotics 76.50% 2.80% 20.69% 91.51% 4.64% 3.83% 46.64 €20.86 K 
Large 82.00% 1.39% 16.60% 83.14% 5.12% 11.72% 364.99 €26.14 K 
SMEs 76.34% 2.84% 20.81% 91.76% 4.63% 3.59% 37.21 €20.71 K 
Robotics 85.81% 1.31% 12.86% 84.40% 8.80% 6.78% 637.63 €34.12 K 
Large 86.74% 1.10% 12.15% 83.36% 9.26% 7.37% 1015.83 €35.27 K 
SMEs 84.65% 1.58% 13.75% 85.71% 8.23% 6.04% 162.69 €32.67 K 
Combined 79.09% 2.38% 18.51% 89.53% 5.80% 4.65% 211.13 €24.55 K  

Std Dev. PERFTC_PERC PERFTP_PERC PERE_PERC PNT_PERC PTIM_PERC PIL_PERC PERTOT CP_PER_PERSON 

Non-robotics 26.11% 8.11% 25.96% 13.39% 9.25% 7.90% 78.87 €15.06 K 
Large 22.66% 7.93% 21.57% 19.54% 9.46% 15.38% 212.21 €14.54 K 
SMEs 26.19% 8.11% 26.07% 13.09% 9.25% 7.44% 44.55 €15.05 K 
Robotics 14.61% 3.01% 14.56% 13.36% 9.13% 6.81% 1407.54 €12.11 K 
Large 13.05% 2.73% 12.90% 14.97% 9.92% 7.87% 1794.11 €12.77 K 
SMEs 16.30% 3.30% 16.37% 10.89% 8.00% 5.11% 151.34 €11.06 K 
Combined 23.85% 7.10% 23.61% 13.76% 9.41% 7.72% 791.13 €15.49 K  

Economic Activity (NACE) 1 2 3 4 5 6 7 8 9 10 

Non-robotics 4.05% 9.87% 1.41% 13.61% 5.64% 4.62% 3.17% 7.08% 7.79% 3.38% 
Large 8.70% 2.50% 0.00% 4.15% 1.25% 2.29% 1.11% 7.96% 25.34% 0.00% 
SMEs 91.30% 97.50% 100.00% 95.85% 98.75% 97.71% 98.89% 92.04% 74.66% 100.00% 
Robotics 2.87% 10.81% 3.55% 3.38% 0.17% 1.69% 3.21% 2.36% 7.60% 5.74% 
Large 60.71% 52.03% 52.50% 80.00% 100.00% 50.00% 59.38% 93.33% 86.54% 32.38% 
SMEs 39.29% 47.97% 47.50% 20.00% 0.00% 50.00% 40.63% 6.67% 13.46% 67.62%  

Economic Activity (NACE) 11 12 13 14 15 16 17 18 19 20 Total 

Non-robotics 5.20% 1.20% 10.30% 6.50% 1.40% 2.10% 1.30% 1.40% 6.40% 3.50% 100.0% 
Large 0.70% 8.80% 0.00% 1.10% 0.00% 0.00% 2.60% 0.00% 0.00% 3.00% 4.30% 
SMEs 99.30% 91.20% 100.00% 98.90% 100.00% 100.00% 97.40% 100.00% 100.0% 97.00% 95.70% 
Robotics 7.60% 4.60% 6.30% 7.10% 6.10% 9.30% 11.00% 3.40% 1.70% 1.70% 100.0% 
Large 37.50% 50.90% 27.40% 68.90% 60.00% 61.80% 50.80% 54.10% 27.00% 62.50% 50.30% 
SMEs 62.50% 49.10% 72.60% 31.10% 40.00% 38.20% 49.20% 45.90% 73.00% 37.50% 49.70%  
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with Eisfeldt et al. (2021), who find that high-skilled workers bring 
substantial returns to their human capital, with strong complementar-
ities between high-skilled labor and physical capital. 

In SMEs, robotization involves a 57.77% increase in the average costs 
per employee (from €20.71 K in non-robotic SMEs to €32.67 K in robotic 
companies). This increase is linked to the increase in the employees’ 
level of education, with a decrease of 6.59% in the average percentage of 
non-graduate employees in favor of employees with bachelor’s and 
master’s degrees, and to an improvement in the labor conditions, with 
an increase of 10.89% in the average percentage of full-time permanent 
workers. 

In large companies, robotization involves a 34.95% increase in the 
average costs per employee (from €26.14 K in non-robotic to €35.27 K in 
robotic companies). This increase is not linked to the increase in the 
average level of education of their employees but to the improvement in 
labor conditions, with an increase of 5.78% in the average percentage of 
full-time permanent workers. Hence, robotization, for both large com-
panies and SMEs, is linked to an improvement in labor conditions 
regarding both wages and stability. This result confirms H2b. 

The robotization of large companies increases the average percent-
age of employees with a bachelor’s degree by 80.74% to 9.26%. In the 
case of SMEs, the average percentage of employees with bachelor’s 
degrees increases by 77.67% to 8.23%. Meanwhile, in SMEs, this has the 
effect of reducing the average percentage of non-graduates to 85.71% 
(6.60% lower than the average for non-robotic SMEs); in large com-
panies, the reduction occurs among the average percentage of em-
ployees with a master’s degree by 7.37% (37.12% lower than the 
average for large non-robotic companies). These results partially 
confirm H2a, as it is confirmed for SMEs but not for large companies. 

Even though these conclusions are equally applicable to all the sec-
tors, there are significant differences in the degree of adoption of ro-
botics between them. The least robotic sector is “textiles and clothing 
manufacturing” (NACE code 4), which consists of 13.61% of non-robotic 
companies, and the most robotic is “motor vehicles” (NACE code 17), 
which accounts for 11.0% of the robotic companies. 

3.2. Empirical analysis: Second stage 

In the first stage of this research, we identify companies from the 
working sample that have demonstrated unexpected behavior regarding 
their adoption of robotics. This is based on observations relating to the 
structure, composition, and characteristics of their workforce in a spe-
cific year of observation. This unexpected behavior causes the MLP-ANN 
to misclassify a company as robotic or not in 28.94% (3,781 records) of 
the evaluated cases. 

In the second stage, we focus on the characterization and segmen-
tation of these misclassified cases of companies into groups that allow us 
to understand the reasons for such unexpected behavior. The failure of 
classification meant that there are unidentified factors that determine 
why a company, at a specific moment in time, is applying a workforce 
design strategy that does not correspond to its expected degree of 
adoption of robotics. This classification failure occurs in two different 
ways. On the one hand, the ANN-MLP determines that a company should 
be robotic, but it has not made the transition yet. This situation repre-
sents 23.24% of the misclassified cases, with 2,881 records from 1,531 
companies. On the other hand, the ANN-MLP sometimes indicates that a 
company should not be robotic but has already adopted robotics. This 
represents 5.70% of the misclassified cases, with 900 records from 633 
companies. 

For this analysis, we consider the main business indicators from the 
whole working sample of companies and focus on the two groups of 
misclassified cases of companies. We use a neural network analysis as an 
unsupervised clustering method, specifically the Kohonen self- 
organizing map (SOM). 

3.2.1. Second stage: Method 
The Kohonen SOM is a type of unsupervised ANN that is commonly 

used for performing clustering or dimension reduction without modi-
fying the topology of the original dataset (Kohonen, 1995). In this stage, 
we develop two clustering models using Kohonen’s SOMs as our aim is 
to group the two types of misclassified cases of companies by using a 
collection of their main business indicators. These business indicators 
belong to several categories, such as productivity and labor, firm 

Table 5 
List of variables used by the Kohonen self-organizing maps (SOMs).  

Variables Description 

Productivity and Labor  
PTN Numerical variable that captures the productivity per employee (thousands of euros). 
PHN Numerical variable that captures the productivity per hour worked (euros). 
HETN_PER_PERSON Numerical variable that captures the total effective hours worked per employee (thousands of hours). 
PURE_SME Dichotomous variable that indicates whether the company has been an SME during its participation in the panel, taking the value 1 if the company 

has always been an SME and the value 0 otherwise. According to the ESEE survey criteria, small or medium enterprises have between 10 and 200 
workers and large companies have more than 200 workers.  

Firm Performance  
ADDED_VALUE_PER_PERSON Numerical variable that captures the added value generated by each employee in the company (thousands of euros). It is calculated as the total gross 

added value generated by the company divided by the number of workers. 
FIN_ASSETS_PER_PERSON Numerical variable that captures the financial assets of the company that can be converted into cash in the short term per employee. It represents 

essential information for characterizing the financial profile of the company (thousands of euros). It is calculated as the total assets divided by the 
number of workers. 

SALES_PER_PERSON Numerical variable that captures the volume of sales of the company per employee (thousands of euros). It is calculated as the total sales generated 
by the company divided by the number of workers. 

VEXPORT_PER_PERSON Numerical variable that captures the value of exports made by the company per employee (thousands of euros). It is used to track the company’s 
internationalization. It is calculated as the total volume of exports generated by the company divided by the number of workers.  

Attitude towards Robotics  
ROBOT_PROFILE_STR Categorical variable that describes the relationship of the company to the adoption of robotics. Characterization of the company by its journey 

toward robotization within the period of observation. 
• Always Robotic: These companies have always been robotic within the period of observation. 
• Migration to Robotics – Churned: These companies transitioned from non-robotic to robotic but abandoned robotics later for some reason. 
• Migration to Robotics – Loyal: These companies transitioned from non-robotic to robotic and remained loyal to this adoption of the technology. 
• Never Robotic: These companies never adopted robotics within the period of observation. 
• Robotics – Churned: These companies started to participate in the panel, having adopted robotics, but they ceased robotization within the period 
of observation for some reason.  
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performance, and their relationship with the adoption of robotics. 
There are no target variables in the models as they are unsupervised, 

and the input variables, corresponding to 15 neurons, are the same for 
the two clustering models. The input variables are listed in Table 5, and 
the descriptive analysis is presented in Table 6. 

The architecture of the two neural networks consists of two layers, 
the input and the output layer, in which the basic units, the neurons, are 
organized. The function of these neurons is simply to capture the in-
formation from the input variables. Each neuron in the input layer is 
connected to all the output neurons in the output layer; this is also 
referred to as the output map. These connections can have different 
weights or strengths, which are initially established in a random way, 
and they are managed via an n-dimensional weight vector (Richardson 
et al., 2003). 

The output map is a two-dimensional array of neurons that have 
lateral connections to other adjacent neurons. This means that they have 
a neighborhood relationship as each output neuron’s activity can in-
fluence its neighbors. In our two models, the dimensions of the maps are 
3 × 3, as small output layers are faster to train and generalize better 
(Choudhary & Bhattacharyya, 2002; Goswami et al., 2011). In fact, one 
of the main advantages of Kohonen’s SOM is its capacity to find the right 
balance between an efficient data compression and a sufficiently faithful 
preservation of the original data topology to support good generaliza-
tion (Ritter, 1999). 

The unsupervised ANN model learns through the training process, 
which consists of an iterative and sequential process in which the 
multidimensional input space, in the form of input data vectors, is 
projected onto the output two-dimensional space, and then the selection 
of the winner output neuron is made. 

The winner output neuron, or best-matching unit, is the one that 
presents the weight vector with the smallest Euclidean distance between 
itself and the input data vector. The winner neuron becomes the center 
of the neighborhood, and its weighted connection to the input data 
vector is updated. The weighted connection of its neighborhood to the 
input data vector is updated accordingly too. The training process of the 
ANN is repeated until just one output neuron in the neighborhood is 
activated and there are no changes in the weights between the neurons 
from the input and output layers (Tian et al., 2014). This competition 
between output neurons to be activated for the classification of the input 
patterns is possible because of the existence of lateral connections be-
tween them and because of the usage of a learning competitive algo-
rithm, the neighborhood function (Afolabi & Olude, 2007; Williams 
et al., 2014). 

The resultant Kohonen SOM map consists of a grid containing many 
strong units, which are the cluster centers and represent the patterns 
from the input data. There are also some weak units that do not corre-
spond to any specific pattern, and they are removed from the network 
(Ha, 2007). 

In our research, the two models are trained in two phases. The first 
phase is used to capture the gross patterns of the data, which run 20 
training cycles. The second is a tuning phase to make adjustments to 
finer features of the data, which run 150 training cycles. The specific 
cluster to which each input record is assigned by the model corresponds 
to the combinations of the X and Y coordinates of the winning neuron. 

3.2.2. Second stage: Empirical analysis and results 
First, we construct a Kohonen SOM for Group 1 of records from 

companies that do not adopt robotics at the expected time. This group 
represents 23.24% of the working sample, with 2,881 records and 5 
generated clusters. This segmentation is based on the business indicators 
of productivity and labor, firm performance, and the robotics adoption 
life cycle of the company, as described in Table 5. 

The percentage of the sample in each cluster is as follows (Fig. 2): 
Cluster 1 (X = 0; Y = 0): 27.49%; Cluster 2 (X = 0; Y = 2): 33.29%; 
Cluster 3 (X = 1; Y = 2): 5.24%; Cluster 4 (X = 2; Y = 0): 16.52%; and 
Cluster 5 (X = 2; Y = 2): 17.46%. The taxonomy of the cluster profiles for Ta
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Group 1 is presented in Fig. 2 and Table 7. 
Second, we create a Kohonen SOM for Group 2 of records from 

companies with unexpectedly early adoption of robotics. This group 
represents 5.70% of the working sample, with 900 records and 5 
generated clusters. This segmentation is also based on the same business 
indicators of productivity and labor, firm performance, and robotics 
adoption life cycle of the company described in Table 5. 

The percentage of the sample in each cluster is as follows (Fig. 2): 
Cluster 1 (X = 0; Y = 0): 25.67%; Cluster 2 (X = 0; Y = 2): 26.44%; 
Cluster 3 (X = 2; Y = 0): 15.67%; and Cluster 4 (X = 2; Y = 2): 32.22%. 
The taxonomy of the cluster profiles for Group 2 is presented in Fig. 2 
and Table 8. 

Additionally, we calculate the silhouette coefficient statistical mea-
sure to assess the goodness of fit of the two Kohonen SOM models 
(Rousseeuw, 1987). This measure evaluates the consistency of the 
clustering structure by assessing the cohesion between the records 
within a cluster and the separation between clusters. The silhouette 
coefficient values range from − 1 to 1: − 1 means that the model is very 
poor, values higher than 0.5 mean that the model is good, and 1 rep-
resents when the model is optimal (Aad et al., 2012; Ballestar et al., 
2018). The silhouette coefficient is 0.8 for the first group (Group 1) of 
companies with a lack of robotics adoption at the expected time and 0.7 
for the second group (Group 2) of companies with unexpectedly early 
adoption of robotics, so the two models are robust. 

4. Results and discussion 

In this section, we describe the clustering structures of both groups of 
anomalous companies: those that do not adopt robotics at the expected 
time (Group 1) and those with unexpectedly early adoption of robotics 
(Group 2). 

4.1. Group 1: Cases of companies that do not adopt robotics at the 
expected time 

This group is comprises companies that do not adopt robotics at the 
expected time. The MLP-ANN predicts that these companies should have 
been robotic in the period of observation (2,881 records, belonging to 
1,531 companies). This group is classified into five clusters based on 
nine business indicators from categories such as productivity and labor, 
firm performance, and the robotic adoption life cycle (Table 5). These 
clusters are described in the following sections using the results from the 
MLP-ANN and the Kohonen SOM model in Tables 4 and 7. 

4.1.1. Clusters of companies that are reluctant to adopt robotics 
Cluster 1 encompasses large companies (27.49%, 792 records), none 

of which have adopted robotics. Cluster 2 consists of SMEs (33.29%, 959 
records), most of which (78.92%) do not adopt robotics within the 
period of observation. The two clusters together represent 60.78% of the 
cases examined. The MLP-ANN predicts that they would be robotic 
because their workforce composition, characteristics, and structure 
correspond to a robotic company. However, their size is far from the 
average robotic company (492,87 employees for large firms and 65.73 
employees for SMEs), being 51.48% and 59.60% smaller than the 
average robotic company, respectively. 

The reason behind this misclassification is that the companies in both 
clusters outperform the average non-robotic company in all the business 
indicators analyzed in the Kohonen SOM. These outperformers have a 
competitive advantage over the average non-robotic company, such as 
greater workforce productivity and higher sales per employee, which 
makes them very profitable and less prone to adopt robotics (€49.55 K, 
which is 17.45% higher productivity per employee for large companies, 
and €47.60 K, which is 62.70% higher productivity per employee for 
SMEs; and €201.20 K, which is 42.43% higher sales per employee for 
large companies, and €163.77 K, which is 66.42% higher sales per 
employee for SMEs). 

This means that the workforce specifically represents a competitive 

Fig. 2. Cluster distribution chart for the two misclassified groups of companies.  
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Table 7 
Cluster profiles: Centroids of numerical variables and frequencies of categorical variables for Group 1 (companies that did not adopt robotics).  

Average by Cluster PTN PHN HETN_PER_PERSON ADDED_VALUE_PER_PERSON FIN_ASSETS_PER_PERSON SALES_PER_PERSON VEXPORT_PER_PERSON 

Cluster 1 (X ¼ 0; Y ¼ 0) €49.55 K €28.45 1.76 K €49.47 K €173.51 K €201.20 K €55.36 K 
Cluster 2 (X ¼ 0; Y ¼ 2) €47.60 K €27.06 1.79 K €47.58 K €157.34 K €163.77 K €38.75 K 
Cluster 3 (X ¼ 2; Y ¼ 0) €51.33 K €29.27 1.78 K €51.73 K €205.41 K €188.00 K €50.94 K 
Cluster 4 (X ¼ 2; Y ¼ 2) €64.44 K €37.44 1.74 K €63.03 K €252.11 K €236.34 K €87.74 K 
Cluster 5 (X ¼ 1; Y ¼ 2) €45.35 K €25.56 1.87 K €47.11 K €175.20 K €168.69 K €30.10 K 
Combined €51.52 K €29.49 1.78 K €51.43 K €187.08 K €190.97 K €53.42 K  

Std Dev. by Cluster PTN PHN HETN_PER_PERSON ADDED_VALUE_PER_PERSON FIN_ASSETS_PER_PERSON SALES_PER_PERSON VEXPORT_PER_PERSON 

Cluster 1 (X ¼ 0; Y ¼ 0) €36.63 K €21.24 0.17 K €36.71 K €217.31 K €479.04 K €101.90 K 
Cluster 2 (X ¼ 0; Y ¼ 2) €41.68 K €23.49 0.40 K €41.06 K €194.51 K €188.07 K €91.48 K 
Cluster 3 (X ¼ 2; Y ¼ 0) €46.76 K €26.91 0.25 K €47.20 K €496.09 K €186.52 K €131.72 K 
Cluster 4 (X ¼ 2; Y ¼ 2) €190.55 K €112.32 0.19 K €183.18 K €456.30 K €342.45 K €260.58 K 
Cluster 5 (X ¼ 1; Y ¼ 2) €26.35 K €14.97 0.79 K €30.96 K €205.17 K €184.03 K €51.44 K 
Combined €87.26 K €51.06 0.34 K €84.79 K €325.01 K €321.55 K €144.25 K  

ROBOT_PROFILE_STR Migration to Robotics – Churned Migration to Robotics – Loyal Never Robotic Robotics – Churned 

Cluster Frequency Percentage Frequency Percentage Frequency Percentage Frequency Percentage 

Cluster 1 (X¼0; Y¼0) 0 0.0% 0 0.0% 351 42.09% 0 0.00% 
Cluster 2 (X¼0; Y¼2) 0 0.0% 61 24.90% 483 57.91% 68 45.03% 
Cluster 3 (X¼2; Y¼0) 0 0.0% 184 75.10% 0 0.00% 83 55.97% 
Cluster 4 (X¼2; Y¼2) 212 70.43% 0 0.00% 0 0.00% 0 0.00% 
Cluster 5 (X¼1; Y¼2) 89 29.57% 0 0.00% 0 0.00% 0 0.00% 
Combined 301 100.00% 245 100.00% 834 100.00% 151 100.00%  

PURE_SME Value 0 (No) Value 1 (Yes) 

Cluster Frequency Percentage Frequency Percentage 

Cluster 1 (X¼0; Y¼0) 351 42.29% 0 0.00% 
Cluster 2 (X¼0; Y¼2) 0 0.00% 612 87.30% 
Cluster 3 (X¼2; Y¼0) 267 32.17% 0 0.00% 
Cluster 4 (X¼2; Y¼2) 212 25.54% 0 0.00% 
Cluster 5 (X¼1; Y¼2) 0 0.00% 89 12.70% 
Combined 830 100.00% 701 100.00%  
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Table 8 
Cluster profiles: Centroids of numerical variables and frequencies of categorical variables for Group 2 (companies with unexpectedly early adoption of robotics).  

Average by Cluster PTN PHN HETN_PER_PERSON ADDED_VALUE_PER_PERSON FIN_ASSETS_PER_PERSON SALES_PER_PERSON VEXPORT_PER_PERSON 

Cluster 1 (X ¼ 0; Y ¼ 0) €40.02 K €22.89 1.78 K €40.36 K €136.77 K €143.28 K €38.11 K 
Cluster 2 (X ¼ 0; Y ¼ 2) €35.55 K €19.98 1.77 K €35.52 K €118.52 K €120.67 K €23.21 K 
Cluster 3 (X ¼ 2; Y ¼ 0) €52.42 K €30.34 1.82 K €52.91 K €151.69 K €187.18 K €60.12 K 
Cluster 4 (X ¼ 2; Y ¼ 2) €36.89 K €21.02 1.76 K €36.68 K €118.15 K €117.09 K €22.64 K 
Combined €39.75 K €22.65 1.78 K €39.87 K €128.23 K €135.74 K €32.64 K  

Std Dev. by Cluster PTN PHN HETN_PER_PERSON ADDED_VALUE_PER_PERSON FIN_ASSETS_PER_PERSON SALES_PER_PERSON VEXPORT_PER_PERSON 

Cluster 1 (X ¼ 0; Y ¼ 0) €29.98 K €17.51 0.31 K €30.73 K €171.80 K €248.35 K €182.19 K 
Cluster 2 (X ¼ 0; Y ¼ 2) €27.49 K €15.28 0.15 K €27.68 K €158.15 K €99.36 K €57.87 K 
Cluster 3 (X ¼ 2; Y ¼ 0) €122.61 K €72.51 0.39 K €128.39 K €228.97 K €273.90 K €212.47 K 
Cluster 4 (X ¼ 2; Y ¼ 2) €26.40 K €15.43 0.18 K €26.38 K €141.06 K €114.73 K €73.13 K 
Combined €54.91 K €32.10 0.26 K €57.28 K €169.67 K €186.81 K €135.35 K  

ROBOT_PROFILE_STR Always Robotic Migration to Robotics – Churned Migration to Robotics – Loyal Robotics – Churned 

Cluster Frequency Percentage Frequency Percentage Frequency Percentage Frequency Percentage 

Cluster 1 (X¼0; Y¼0) 155 83.78% 0 0.00% 0 0.00% 0 0.00% 
Cluster 2 (X¼0; Y¼2) 0 0.00% 150 81.97% 0 0.00% 0 0.00% 
Cluster 3 (X¼2; Y¼0) 30 16.22% 33 18.03% 28 16.47% 13 13.68% 
Cluster 4 (X¼2; Y¼2) 0 0.00% 0 0.00% 142 83.53% 82 86.32% 
Combined 185 100.00% 183 100.00% 170 100.00% 95 100.00%  

PURE_SME Value 0 (No) Value 1 (Yes) 

Cluster Frequency Percentage Frequency Percentage 

Cluster 1 (X¼0; Y¼0) 0  0.00% 155  29.30% 
Cluster 2 (X¼0; Y¼2) 0  0.00% 150  28.36% 
Cluster 3 (X¼2; Y¼0) 104  100.00% 0  0.00% 
Cluster 4 (X¼2; Y¼2) 0  0.00% 224  42.34% 
Combined 104  100.00% 529  100.00%  
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advantage for both large firms and SMEs among companies with the 
same level of adoption of robotics. This supports H3 and is fully 
compatible with the results of Dickson and Hadjimanolis (1998) for the 
IT revolution or those of Díaz-Chao, Sainz-González, and Torrent-Sellens 
(2016) concerning innovation. Koch et al. (2021) find robust evidence 
that ex ante better-performing firms are more likely to adopt robots, 
conditional on size, and an ex ante cost share of 5–7% points leads to net 
job creation at a rate of 10%. 

4.1.2. Clusters of companies with late adoption of robotics followed by 
early cessation of robotization 

Cluster 4 is made up of large companies (16.52%, 476 records), and 
Cluster 5 consists of SMEs (17.46%, 503 records). Companies in these 
clusters (33.98% of the records) adopt robotics late but abandon the 
process and become non-robotic thereafter. 

These clusters differ from the average robotic company in two ways. 
They are much smaller, and the level of education of their employees is 
much lower. The average numbers of employees are 739 for large firms 
and 77.42 for SMEs, which is 27.25% and 52.41% lower than the figure 
of the average robotic company. The level of education of their em-
ployees, albeit higher than that of the average non-robotic company, is 
still below the average for a robotic one. In the case of the large com-
panies, the average percentage of BA workers is 7.76%, which is 16.20% 
lower than that of the average robotic company. In the case of SMEs, this 
effect is even greater, as the average percentage of workers with a BA is 
6.45%, which is 21.62% lower than that of the average robotic 
company. 

Regarding SMEs, this effect is reflected in all the business indicators 
analyzed in the Kohonen SOM, in which they underperform the average 
robotic company considerably. These companies do not reach the 
average productivity and performance levels characteristic of a robotic 
company, and they finally abandon robotization. These findings support 
H5 on the late adoption of robotics in SMEs. In the case of large com-
panies, this effect is not as evident, as their business indicators are above 
average, but, for the effective hours worked per employee, they are 
1.32% below the average, with 1.74 thousand hours worked per 
employee. Our results partially confirm those of Acemoglu and Restrepo 
(2019, 2020) and Doraszelski and Jaumandreu (2018). 

This means, as suggested by Frey and Osborne (2017) and Gaimon 
(1985), that having the right workforce characteristics plays an impor-
tant role in the successful adoption of robotics and the subsequent ex-
pected benefits. This supports H4, especially in the case of SMEs. 

4.1.3. Cluster of companies with late adoption of robotics that achieve 
mixed results 

Cluster 3 is a small group of large companies (5.24%, 151 records) 
that adopt robotics late and obtain mixed results. In this cluster, 68.91% 
of the companies remain loyal to their transformation to robotics, but 
31.09% abandon the attempt and become non-robotic again. 

All their business indicators are below the average for a large robotic 
company. For example, the productivity per employee is €51.34 K, 
which is 12.60% lower, and the sales per employee is €188.00 K, 15.25% 
lower than those for an average large robotic company. These findings 
support H5 regarding the late adoption of robotics in large firms. 

In addition to this, the labor conditions of the workers are lower than 
those in the average large robotic company, with 13.77% being tem-
porary workers, 13.32% above the average, and an average cost per 
employee of €30.51 K, 13.49% lower. The same applies to the level of 
education of the employees, with 7.55% of employees with a BA, 
18.55% lower than the average, and 6.55% of employees with an MA, 
11.25% lower than the average. These results also support H4 for large 
firms, that is, having the right characteristics of the workforce plays an 
important role in the successful adoption of robotics. 

4.2. Group 2: Cases from companies with unexpectedly early adoption of 
robotics 

This group consists of companies that adopt robotics unexpectedly 
early. The MLP-ANN predicts that these companies should not have been 
robotic in the period of observation (900 records belonging to 633 
companies). 

This group is classified into four clusters based on the same nine 
business indicators from categories such as productivity and labor, firm 
performance, and the robotics adoption life cycle (Table 5). These 
clusters are described in the following sections using the results from the 
MLP-ANN and the Kohonen SOM model in Tables 4 and 8. 

4.2.1. Clusters of premature adopters of robotics that remain loyal to its 
adoption 

Cluster 1 is made up of SMEs (25.67%, 231 records) that adopt ro-
botics earlier than predicted but remain loyal to their transformation. 
These companies have been unable to maximize the return on their in-
vestment in robotization despite remaining committed to it. 

The transition to robotics improves their performance in all the 
business indicators, for example €40.2 K average productivity per 
employee and €143.28 K average sales per employee, which are, 
respectively, 36.79% and 45.60% above those of the average non- 
robotic company. Nevertheless, they have been unable to achieve as 
great a benefit overall as expected from being a robotic company. For 
example, the average productivity per employees is 24.62% less and the 
average sales figure per employee is 31.44% less than those of the 
average SME robotic company. These findings confirm H5 on the pre-
mature adoption of robotics in SMEs. The MLP-ANN considers them not 
to be fully ready to adopt robotics because their workforce character-
istics are superior to the average non-robotic SME but they are not 
sufficiently advanced to adopt robotics. 

These companies have an average of 52.12 employees, being 40.07% 
larger than the average non-robotic SME but still 67.96% smaller than 
the average robotic SME. In addition, the percentage of temporary 
workers is still too high (16.07%), being 16.77% higher than that of the 
average robotic SME, and the percentages of employees with a BA 
(7.03%) and an MA (5.8%) are too low, 14.59% and 2.59% below the 
average for robotic SMEs. Consequently, the cost per employee (€24.90 
K) is also 23.79% below the average. These findings complement those 
reported by Doraszelski and Jaumandreu (2018) and confirm H4 for 
SMEs. 

4.2.2. Clusters of premature adopters of robotics that later cease 
robotization 

Cluster 2 contains SMEs (26.44%, 238 records) that adopt robotics 
too early and cease to become non-robotic again after the transition. 
This cluster represents SMEs that are at an earlier stage of the evolution 
of their workforce compared with Cluster 1. Being at an earlier stage of 
the evolution of the workforce has a negative impact on all the business 
indicators compared with Cluster 1. 

The average size of the companies in Cluster 2, with 43.24 em-
ployees, is 17.04% smaller than that in Cluster 1, 16.20% larger than the 
average non-robotic SME but also very far from the average robotic SME 
(73.42% smaller). In Cluster 2, the average percentage of temporary 
workers (19.41%) is 20.84% higher than that in Cluster 1. The average 
percentages of employees with a BA (5.56%) and an MA (4.45%) are 
20.88% and 24.36% lower than those in Cluster 1. These differences are 
even clearer when compared with the average robotic SME. The per-
centage of temporary workers is 41.10% higher and the percentages of 
employees with a BA and an MA are 32.42% and 26.32% lower, 
respectively. 

The improvement in the performance of the main business indicators 
due to robotization is much smaller in Cluster 2 than in Cluster 1, and 
the companies are very far from the average robotic SME company. For 
example, the €35.55 K average productivity per employee and €120.67 
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K average sales per employee are, respectively, 33.03% and 42.26% 
lower than those of the average robotic SME and 11.16% and 15.78% 
lower than those in Cluster 1, respectively. 

Finally, the average costs per employee (€22.57 K) are 9.36% lower 
than those in Cluster 1 and 30.93% lower than those of the average 
robotic SME. These results conform to those of Cottelleer and Bendoly 
(2006) and Gaimon (1985) regarding IT implementation. All these 
findings justify why companies in Cluster 2 abandon the robotics 
adoption process and confirm H4 and H5 vis-à-vis the premature 
adoption of robotics in SMEs. 

4.2.3. Clusters of premature adopters of robotics that have mixed results 
Clusters 3 and 4 represent companies that adopt robotics too early 

according to the MLP-ANN and achieve mixed results. Some of them 
remain loyal to their transformation to robotics, but others become non- 
robotic thereafter. 

Cluster 3 comprises large companies (15.67%, 141 records). In this 
cluster, 44.23% of the companies abandon robotics and become non- 
robotic again, while 55.77% of the companies remain loyal to their 
robotization process. Cluster 4 consists of SMEs (32.22%, 290 records). 
In this cluster, 36.6% of the companies become non-robotic again and 
63.39% of the companies remain loyal to their robotization process. 

Companies from Clusters 3 and 4 have that they underperform 
compared with the average robotic company in common. For both SMEs 
and large companies, all their business indicators except the hours 
worked by employees are below the average. For example, the pro-
ductivity per employee is €52.42 K for large firms (Cluster 3) and €36.89 
K for SMEs (Cluster 4), that is, 10.76% and 30.51% lower than that of the 
average robotic company, respectively; the sales per employee are 
€187.18 K for large firms (Cluster 3) and €117.09 K for SMEs (Cluster 4), 
which are 15.63% and 43.97% lower than those of the average robotic 
company, respectively. 

In both large firms (Cluster 3) and SMEs (Cluster 4), the number of 
employees, their level of education, and the costs per employee are 
below the average of robotic companies of each kind. Clusters 3 and 4 
have 245.36 and 42.59 employees on average, respectively, which are 
75.85% and 73.82% lower than those for the average large robotic 
company and robotic SME, respectively. Clusters 3 and 4 have averages 
of 5.11% and 5.15% of employees with a BA, being 44.77% and 37.37% 
lower than those of the average large robotic company and robotic SME, 
respectively. 

Consequently, this is reflected in the costs per employee, which are 
€30.39 K for large firms in Cluster 3 and €23.81 K for SMEs in Cluster 4; 
these figures are 13.83% and 27.11% lower than those of the average 
large robotic company and robotic SME, respectively. These findings 
confirm H4 and H5 about the premature adoption of robotics in large 
companies and SMEs. 

It is relevant to highlight how the adoption of robotics by SMEs 
evolves among the different clusters, tracing a journey from Cluster 2, 
representing the group of companies with the most immature workforce, 
to Cluster 4 and finally to Cluster 1. The increase in the maturity of the 
workforce is linked to a decrease in the abandonment of the technology 
and an improvement in the performance of the main company business 
indicators, even if they are unable to maximize the adoption of roboti-
zation because they undertake the transition without being fully ready. 

5. Conclusions 

Our goal in this research is to elucidate how the adoption of robot-
ization affects industrial firms, focusing, for the first time, on the dy-
namics of transformation and complementing the growing literature on 
the effects of automation technologies (Acemoglu & Restrepo, 2020; 
Ballestar et al., 2021; Doraszelski & Jaumandreu, 2018; Gregory et al., 
2019). Thus, we analyze data on manufacturing firms in Spain within a 
26-year period, focusing on one of the most sensitive elements of the 
transformation process toward robotization, which is the workforce. 

First, we develop a predictive ML model using a supervised ANN 
multilayer perceptron model that can predict whether a company is 
ready to make the transition to robotics according to its workforce 
structure, characteristics, and composition (Athey & Imbens, 2019; 
Ballestar, Doncel, Sainz, & Ortigosa-Blanch, 2019; Ballestar, Grau- 
Carles, & Sainz, 2019). Hence, this model provides a real-time tool for 
companies to evaluate the need to make structural changes in their 
workforce according to their relationship with the adoption of robotics 
at the right time. It allows them to develop a detailed workforce trans-
formation plan and avoid the risks—technical, economic, and human-
—associated with premature or late adoption of the technology or no 
adoption at all. 

This model also shows how the transformation to robotics implies 
higher average costs per employee both in SMEs and in large firms. 
Nevertheless, these costs result from different changes in the structure of 
the workforce depending on the size of the company. In SMEs, this cost 
increase comes from the larger investment in employees with higher 
levels of education, the improvement in the labor conditions, and the 
type of professional relationship between the employees and the com-
pany. Meanwhile, in large firms, this cost increase is related not to the 
employees’ level of education but only to an improvement in the labor 
conditions and the type of professional relationship between the em-
ployees and the company. 

The robotization process implies an increase in the average per-
centage of employees with a BA in SMEs and large firms. Nevertheless, 
this effect works differently on the level of education in SMEs compared 
with large firms. In SMEs, it represents an increase in the employees’ 
level of education, as it is caused by a reduction in the average per-
centage of non-graduates. In large firms, the situation is different and 
means a reduction in the level of education as it results from a decrease 
in the average percentage of employees with an MA. Hence, the changes 
involved in the robotization process are related to not only the tech-
nology but also the workforce. Investment in new technology is associ-
ated with higher-paid workers in SMEs and large companies and, in the 
case of SMEs, more specialized and qualified human capital (Acs et al., 
2009; Ballestar et al., 2021; Díaz-Chao et al., 2016; Koch et al., 2021). 

In the second phase of this research, we focus on the characterization 
and segmentation of the companies that are misclassified by the AMM- 
MLP to understand the reasons for such unexpected behavior regarding 
the adoption of robotics. We group the misclassified cases, analyzed 
their main business indicators using an ANN model, specifically the 
Kohonen SOM, as an unsupervised clustering method, and expand the 
theories first described by Gaubert and Cottrell (2007) on labor market 
classification. We obtain relevant results about the relationship between 
a company’s workforce structure and characteristics and its degree of 
adoption of robotics, which have an impact on the performance of the 
main business indicators that are affected by these factors. 

We find a common characteristic in all the clusters of misclassified 
cases. Both SMEs and large companies have a smaller number of em-
ployees than the average robotic company in each category. Hence, 
smaller companies in both categories are more prone to making unex-
pected decisions regarding robotization than companies of an average 
size. As Pratt (2015) reports, the transition requires changes in the 
management of organizations, which are easier to implement in large 
firms with greater access to talent. 

This finding is also linked to the evidence that the workforce plays an 
important role in the process of adopting robotics and the generation of 
the expected benefits. The unexpected adoption of robotics, too late or 
too soon, in combination with an inadequately structured workforce, 
risks the success of the transformation process. Consequently, the 
company generates lower profits than expected in terms of the main 
business indicators. In the cases in which the underperformance is 
greater, there is a high risk that the company will abandon the process of 
robotization. We have shown that the greater the underperformance of 
the company, the higher the probability of dropping the process of 
adopting robots. These findings apply to both SMEs and large firms; 
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nevertheless, the negative effects are more evident in SMEs than in large 
firms. 

Hence, it is very relevant for companies and decision makers to have 
predictive tools, such as the ANN-MLP provided in this research, to 
ascertain whether their workforce is ready for the adoption of robotics 
and maximize the expected benefits of the transformation process and 
minimize the dropping-off risk. An additional benefit of this predictive 
model is that it can be implemented for real-time evaluations, allowing 
decision makers to act when needed (Ballestar et al., 2021). 

Additionally, we find that some companies, large companies and 
SMEs, are reluctant to adopt robotics. These companies transform their 
workforce, assuming the additional human resource costs, in a similar 
way to robotic companies. Nevertheless, they do not proceed further in 
their transformation process and remain non-robotic. Their aim is to 
maintain a competitive advantage in terms of productivity and 
competitiveness among non-robotic companies without assuming the 
technical costs of the transformation process. This means that the 
workforce itself represents a competitive advantage among companies 
with the same level of robotics adoption, specifically non-robotic com-
panies. These findings are valid for both SMEs and large companies. 

This research has some limitations. The ESEE database focuses on 
manufacturing firms, but further research should analyze service in-
dustries wherein the workforce structure and characteristics could also 
be transformed by robotization. We have also seen that our findings are 
applicable to all the sectors, but an analysis by sector would provide 
additional details according to the specific activity of companies. 

Our research has clear implications for management and will help 
firms to hire the right human capital for their characteristics, invest in 
training, decide how they will conduct knowledge management of their 
human capital, and anticipate the effects of these changes linked to 
training. Thus, it is essential to identify the complementarities of change 
in employment and productivity to design the training policies needed 
to avoid unemployment and focus on the most disadvantaged groups. 
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