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Abstract 
Purpose – The essential purpose of this study is to analyze the possibility of substitution of an 
individual job resulting from technological development represented by the 4th Industrial Resolution, 
considering the different effects of digital transformation on the labor market. 
Design/methodology – In order to estimate the substitution probability, this study used two data sets 
which the job characteristics data for individual occupations provided by KEIS and the information 
on occupational status of substitution provided by Frey and Osborne(2013). In total, 665 occupations 
were considered in this study. Of these, 80 occupations had data with labels of substitution status. The 
primary goal of estimation was to predict the degree of substitution for 607 of 665 occupations 
(excluding 58 with markers). It utilized three methods a principal component analysis, an unsuper-
vised learning methodology of machine learning, and Ridge and Lasso from supervised learning 
methodology. After extracting significant variables based on the three methods, this study carried out 
logistics regression to estimate the probability of substitution for each occupation. 
Findings – The probability of substitution for other occupational groups did not significantly vary 
across individual models, and the rank order of the probabilities across occupational groups were 
similar across models. The mean of three methods of substitution probability was analyzed to be 
45.3%. The highest value was obtained using the PCA method, and the lowest value was derived from 
the LASSO method. The average substitution probability of the trading industry was 45.1%, very 
similar to the overall average. 
Originality/value – This study has a significance in that it estimates the job substitution probability 
using various machine learning methods. The results of substitution probability estimation were 
compared by industry sector. In addition, This study attempts to compare between trade business and 
industry sector. 

 
Keywords: Substitution Probability, PCA, Ridge, Lasso, 
JEL Classifications: F1, J4, J6 

 

1.  Introduction 
The scope of job substitution is expanding due to recent advances in new technologies, such 

as artificial intelligence (AI) and mobile robotics, together with the establishment and use of 
big data in the implementation of AI. There is growing concern that many jobs are being 
substituted, including those requiring higher order thinking and proficiency, previously 
considered uniquely appropriate for humans. 

In the past, only those jobs that were standardized with simple repetitive tasks were con-
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sidered suitable for substitution. David Autor (2003) analyzed the impact of automation on 
the labor market. He conceptualized “occupation” as a combination of tasks that can be 
characterized as both standardized and unstandardized work. His study predicted that 
standardized tasks (such as simple production labor, information recording, and classifica-
tion) could be easily automated. In contrast, it was predicted that occupations with unstan-
dardized tasks would be difficult to substitute. These include tasks that create something new 
by applying executive thinking and making judgments that consider situations and values, 
and in which proficiency grows with experience and training. This can be confirmed by 
Polanyi’s paradox that states “we know more than we can tell.” In other words, job substitu-
tion by technology applies only to certain jobs because learning and creative and executive 
thinking cannot be imitated, even by advanced technology. 

Controversially, recent AI technology enables “learning,” and the ultimate goal is to im-
plement AI that can process information (or “think”) to exactly the same extent as humans. 
AI is capable of continuous learning and knowledge acquisition and can learn continuously 
without a break, resulting in higher performance than humans in a short time. This is 
exemplified by Google’s Alphago. Using a reinforcement learning method, the basic rules of 
the boardgame “Go” were entered and Alphago accumulated records of moves through a self-
learning process. Based on the accumulated records, it considered various situations and 
surpassed human performance in a short time. Reinforcement learning technology has been 
continuously developed and applied to various industries. 

It is stated that the 4th Industrial Revolution is here now. Although a definition has not yet 
been established, the term 4th industry refers to an integration of new technologies, such as 
the Internet of Things (IoT), robotics, virtual reality (VR), nanobiotechnology, AI, big data, 
and disruptive technology, all of which can create something completely different from what 
previously existed. These new technologies are having a profound impact on industry. 
Efficiency and productivity have improved dramatically, and a growing number of industries 
are incorporating such technologies. Accordingly, occupational groups that can be replaced 
by new technologies such as robots and AI are reducing in terms of job numbers dramatically. 

Past industrial revolutions caused by technological development had profound effects on 
the labor market. By replacing human labor, they resulted in job losses in some areas and 
increases in others. Recent technological advances have had a differential effect the labor 
market depending on occupational groups. Therefore, it is imperative to analyze the differ-
ential effects of technological advances on occupations. 

The primary purpose of this study is to estimate the substitutability of individual occupa-
tional groups resulting from technological advances represented by the 4th Industrial Revo-
lution, considering the different effects of digital transformation on the labor market. High 
risk occupational groups (with high substitution risk) can be identified based on the estimated 
probabilities of substitution for each occupation. The probability of substitution for indivi-
dual occupations will provide important data to help maintain stability in the labor market. 

 

2.  Literature Review 
Extensive research has been conducted in Korea and other countries on job substitution 

within individual occupations. Frey and Osborne (2013) expanded the framework of 
standardized and unstandardized tasks used in previous studies by considering that most 
unstandardized tasks can be automated using computers due to advances in AI. This 
provided the biggest difference from previous studies, together with a new recognition 
outside the existing analytical framework that has been commonly used in subsequent 
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studies. Frey and Osborne (2013) defined job characteristics and then identified non-sub-
stitutable job characteristics. They suggested three bottleneck tasks that artificial intelligence 
would not be able to replace (even after 10 to 20 years): creative intelligence, social intelligence, 
and perception and manipulation. These characteristics are provided in numerical values 
according to the classification of nine skills variables in the US Occupational Information 
System (O*Net). In other words, the degree of substitution varies across occupations depend-
ing on the proportion of the three bottleneck tasks in an occupation. The study results suggest 
that in the next 10 to 20 years, approximately 47% of jobs in the United States will either 
disappear or be replaced by AI. More recently, Arntz, Gregory, and Zierahn (2017) analyzed 
the probability of computerization of occupations by identifying individual tasks to be 
performed. They analyzed the extent to which occupations in OECD countries have been 
replaced by computerization. They estimated the relationship between the probabilities of 
substitution for individual occupations in the United States that Frey and Osborne (2013) 
estimated, the tasks required to be performed in each occupation, and then applied the 
relationship to occupations in other countries to estimate their probabilities of substitution. 
Contrary to prior research, Arntz, Gregory, and Zierahn (2017) predicted that only 
approximately 9% of jobs would be automated (on average) among 21 OECD countries. In 
particular, Korea was classified as a country with a very low substitution probability (at 
approximately 6% automation). In addition, Frey and Osborne (2017) applied analytical 
methodologies to ensure greater objectivity of the job substitution label. The study results 
suggest transportation, logistics, and administrative support as occupational groups with high 
substitution probabilities. 

Research has also been active on estimating the probability of substitution for individual 
occupations in the Korean market. Park et al. (2016) conducted a survey with workers, 
classifying occupations according to job-specific performance. They then analyzed a survey 
with experts in corresponding fields regarding the probability of substitution by technology 
at three time points (2015, 2020, and 2025) and based on the worker survey, the weighted 
ability rate of substitution (WARS) for each occupational subcategory was estimated. They 
incorporated characteristics of occupational structures in reality and compared workers’ job 
competency levels with substitution levels of AI robot technology as rated by experts in 
corresponding fields to estimate probability that technology replaces jobs. Regarding the 
probability of substitution for different occupations, the study results were as follows: first, 
the type of occupations with the highest risk of substituting job competencies by 2025 was 
simple laborers, with 91.1% of job competencies at risk. Second, managerial jobs were 
estimated to be at lowest risk of substitution by 2025 with 50.0% substitution probability, 
accounting for half. Third, it was found that by 2020, a majority of job competencies would 
be at risk of substitution in three occupations–– simple laborers (65.3%); skilled workers in 
agriculture, forestry, and fisheries (54.1%); and those working in equipment, machinery 
operation and assembly (50.3%). The study concluded that the three job types will face a 
significant risk of job loss quickly without institutional intervention to restrict the substitution 
of labor by smart technology. Regarding the probabilities of substitution for academic majors, 
the study predicted that the overall risk of substitution of job competencies by smart 
technology for all new recruits would be 60.4% by 2025. Contrary to expectation, the risk did 
not vary significantly across majors, ranging from 61% to 63%. Moreover, occupations with 
highest risk of substitution were those in the medical and pharmaceutical fields, with 51.7% 
risk. 

Oh (2018) categorized occupations of Seoulites using two criteria: the extent and speed of 
job substitution. To determine the extent of threat to job security, she estimated job 
substitution probability for 404 occupations according to change in technology using the job 
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substitution indicator estimated by Park et al. (2016) and subcategories of the Korean 
Standard Classification of Occupations. The competencies required for each job were 
estimated by analyzing experts’ responses to a survey on the current level and probability of 
substitution: the survey had 44 items (such as reading, understanding, and reasoning) 
provided by the Korea Network for Occupations and Workers (KNOW). The study found 25 
of 48 occupations were at low risk (i.e., a lower threat to job security). White collar jobs were 
classified as Group 1 (low risk and little change) demonstrating the best job security—for the 
time being. High-risk occupations included manufacturing, sales, machine operation, and 
elementary level work (Group 3: high risk and little change) and electrical/electronic/machine 
manufacturing/transport-related machine operators (Group 4: high risk and large change). 

Two studies by Oh et al. (2018, 2019) focused on how the spread of digital platform labor 
following technological advances affects women’s labor. The studies paid particular attention 
to questions such as whether existing women’s labor issues (such as barriers to labor market 
entry, a gender gap in wages, occupational segregation, and low wages in female-intensive 
occupations) are likely to be alleviated or accelerated in the new digital network-centered 
labor market, and whether newly created labor is sustainable for women. The studies found 
that problems in the existing labor market occurred in a similar fashion in digital platform 
jobs. A greater problem was identified as a large number of respondents did not think their 
labor would add to their career development, due to its highly segmented nature, with this 
perception being stronger among women. 

 

3.  Data 
This study used two types of data to estimate the probability of employment substitution 

for individual occupations. First, we required data to turn each occupation into a 
combination of competencies to make it easy to analyze individually. Thus, job competency 
data for each occupation can be used to convert each occupation into a combination of job 
competencies. Job competency variables were the importance and the level of each job task. 
These variables make it easy and accurate to analyze which competencies (and their 
combinations) are most likely to be substituted due to digital transformation. 

There are two benefits in using job competency. First, it is unnecessary to examine all 
occupations (which would be exceptionally difficult to do). The criteria for classification of 
occupation are unclear, the exact number of occupations is not known, and even if it is 
known, the number is likely to be extremely large, which together would make using 
occupations for analysis very challenging. The 2020 Occupation Dictionary of the Korea 
Employment Information Service (KEIS) identifies 16,891 individual jobs, which would 
require significant time and financial resources to examine them all. However, if occupations 
are reduced to combinations of job competency units, the number of job competencies will 
be fewer allowing for simpler and more accurate analysis. Moreover, such an approach 
enables a better explanation of the reality that it is not the occupations but the competencies—
and consequently the occupations that require the competencies—that are substituted due to 
technological advances (e.g., digital transformation). In other words, by identifying compe-
tencies that can be easily substituted by digital transformation and then the occupations in 
which the competencies are important, we can gain a more precise understanding of job 
substitution. 

The second type of data concerns the occupations for which job substitution due to 
technological advances in digital transformation (such as the use of robots) is certain; for 
example, telephone operators substituted due to technological advances. We need indicators 
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of substitution (i.e., “will be substituted” or “will not be substituted”) for as many occupations 
as possible. However, due to a large number of occupations, it is not possible to label them all 
and the decision about substitution for some occupations may not be objective. After labeling 
all possible jobs that will be substituted, predictions need to be made using statistical methods. 
In terms of the objectivity of the job substitution label, different judgments about the extent 
of technological advances and the importance of job competency required by an occupation 
may lead to different labels (i.e., the status of substitution). 

To ensure such objectivity, this study analyzed data from experts in various fields. Both 
Korean and non-Korean data on judgment of job substitution were considered. For non-
Korean data, the study results from research conducted at University of Oxford College of 
Engineering were used; for Korean data, a combination of labels of substitution for individual 
occupations from various sources (including of the Ministry of Employment and Labor, 
Korea Labor Institute, KEIS, private consulting firms, and individual researchers) were used 
for greater objectivity. 

 

4.  Methodology 
In this study, the probability of job substitution for individual occupations was estimated 

using principal component analysis, an unsupervised learning methodology of machine 
learning, and ridge and least absolute shrinkage and selection operators (lasso) from 
supervised learning methodology. After extracting variables using lasso and ridge, logistic 
regression was performed to estimate probability of substitution for each occupation. Logistic 
regression analysis is usually used when the dependent variable is categorical. Predicting a 
qualitative response variable is like classifying individual observations. In other words, it can 
be considered a problem of assigning individual observations to a category of either 0 or 1. 
Category assignment, unlike conventional regression analysis, involves modeling the 
probability that the dependent variable will be included in a specific category instead of 
directly modeling the dependent variable. 

In total, 665 occupations were considered in this study. Of these, 80 occupations had data 
with labels of substitution status. The primary goal of estimation was to predict the degree of 
substitution for 607 of 665 occupations (excluding 58 with markers). There were 202 job 
characteristic data across occupations. Job characteristic data and the data with job substi-
tution information were combined. A training data set was created with 80 job characteristics, 
each with job labels. The variables that can best explain the relationship between job labels 
and job characteristics were extracted. With the extracted variables, the relationship between 
variables and job substitution was determined. Based on the identified relationship, the 
probability of substitution was obtained using the job characteristic data with no labels of job 
substitution. The details of the estimation process are as follows: 

1. Data: Combination of occupations and required competencies for corresponding 
occupations. 

2. Judgment of experts in each field on substitution of individual jobs: job label 
categorized as 1 for substitution and 0 for no substitution. 

3. Identification of variables by estimating the relationship between job characteristics 
between labeled jobs and job characteristics using principal component analysis, 
ridge, and lasso. 

4. Performance of logistic regression analysis on labeled occupations using identified 
variables. 

5. Estimation of probability of substitution of other occupations using coefficients of 
variables obtained from logistic regression analysis. 
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4.1. Principal Component Analysis 
Principal component analysis is often used for high-dimensional data with many property 

values when observing a single subject. The technique converts high-dimensional data into 
low-dimensional data without linear correlation through identification of a new basis that is 
orthogonal to each other while maintaining the variance of high-dimensional data as much 
as possible. In other words, the working principle of the method is that when the value of one 
component of data is known, other data with a strong correlation with this data can be 
estimated. This means that analysis of one component is used to find about other data 
through analysis of multidimensional data. The principal component is derived by creating a 
new variable using a linear combination of the characteristic’s variables. When there are p 
characteristic variables and n observations, a characteristic variable can be defined as 
X�p � n�. The new variable z should be created using a suitable linear combination: 

 
	� 
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If ��  is the first principal component, it has the largest variance, and such variables are 

normalized linear combinations of a characteristic’s variable x . That is, normalization of 
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 1  . The coefficients are called loadings of the first principal 
component, and these vectors are used to make the principal component loading vector. After 
adjusting the mean of each variable x to be 0, the linear combination with the largest variance 
under the assumption of coefficient normality is as follows: 
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The objective function of the above optimization problem is simply to maximize the sample 
variance of n, ��� values, and this is constructed to explain the information (variance) of as 
many characteristics as possible for each principal component. 

 
4.2. Ridge Regression 
The ridge method closely resembles least squares used in regression analysis. The only 

difference is that the ridge coefficient is affected by the shrinkage penalty that includes the 
tuning parameter. Ridge regression was first proposed by Hoerl and Kennard (1970) and can 
improve the precision of prediction by reducing the size of the linear regression coefficient in 
multicollinearity problems to allow model bias. Ridge has the following objective function: 
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The objective function of the multilinear regression analysis with the L2-norm constraint 

reduces the prediction error due to multicollinearity by reducing the size of linear coefficients 
of the multilinear regression model. The magnitude of the linear coefficient can be reduced 
to an infinitely small value, but it cannot be 0. Therefore, in this study, job competency 
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variables with small coefficients below a certain threshold were eliminated to estimate the 
probability of substitution for individual occupations using the ridge-based variable selection 
method. 

 
4.3. Least Absolute Shrinkage and Selection Operators 
Lasso is similar to ridge but has a different shrinkage penalty term. Lasso was first proposed 

by Tibshirani (1996), and the reduction estimation method was developed by improving the 
feature of ridge whereby the linear coefficient of ridge regression cannot be used for variable 
selection as it cannot be 0. Lasso has the following objective function: 
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The L1-norm regularizer, a constraint in the lasso objective function, was modified to be 

able to reduce the magnitude of the absolute value of the linear coefficient (to make it 0). 
Lasso is designed to incorporate the benefits of both ridge regression and dimensionality 
reduction, and can be used to select important job competencies, such as in ridge regression. 

Ridge and lasso are similar methods, but with a clear difference. Ridge has a closed form 
solution while lasso does not; therefore, lasso generates estimates using numerical optimi-
zation. When the correlation between variables is high, ridge performs better in prediction 
than lasso. Unlike lasso and ridge, PCA is a method of transforming a variable itself. 

 

5.  Estimation Results 

5.1. Results of Principal Component Analysis 
Principal component analysis was performed on 58 training data sets with occupational 

labels. The results of the analysis provided loading vectors for 202 job characteristics, from 
which 58 principal components were derived. Although the number of dimensions was 
reduced to 58 principal components through linear combination of 202 characteristics, the 
number of job characteristics were still too many for observations with job labels. Reducing 
the number of principal components is typically carried out by determining the number using 
the proportion variance explained (PVE) by principal components. 

Table 1 presents the standard deviation, proportion of variance, and cumulative propor-
tion. Standard deviations drop sharply when the number of principal components is four or 
lower, and similar trends are observed with proportion of variance and cumulative propor-
tion. For cumulative variance ratios, four principal components could explain more than 60% 
(approximately) of the information. A comprehensive review of the results suggests that four 
principal components was the most appropriate number to include in the analysis. 

A principal component is a variable created with the weights of all variables included in the 
analysis. Loading vectors of a principal component indicate explanatory power and importance 
of corresponding variables. The importance of each variable can be identified using the value 
of the loading vector. Table 2 presents the weights of the top five variables based on loading 
vectors of Principal Component 1. For Principal Component 1, the weights of the variables 
for the work environment were high. It is expected that the probability of substitution is high 
for variables concerning working that involves a standing position, moving the body (such as 
bending or twisting), and repetitive movements, and for occupations in a work environment 
with physical risks such as exposure to dangerous equipment, burns, stabs, and cuts. 
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Table 1. Variance Explained according to the Number of Principal Components 

Number Standard Deviation Proportion of Variance Cumulative Proportion 
1 8.018 0.318 0.318 
2 5.841 0.169 0.487 
3 4.184 0.087 0.574
4 3.013 0.045 0.619
5 2.694 0.036 0.655 
6 2.377 0.028 0.683 
7 2.331 0.027 0.710 
8 2.127 0.022 0.732 
9 1.986 0.020 0.751

10 1.884 0.018 0.769
 
 

Table 2. Loading Vectors of Principal Component 1 (Top Five in terms of Weight) 
Rank Variable Type Variable Name Weight 

1 Work environment Working in standing position 0.0898 
2 Work environment Bending or twisting 0.0844 
3 Work environment Repetitive movements 0.0839 
4 Work environment Exposure to dangerous equipment 0.0768 

5  Work environment  
Bending knees, crouching, and 

crawling 0.0766  

 
For Principal Component 2, weights indicate variance as explained for variables excluding 

the variance explained by Principal Component 1. The number of loading vectors concerning 
work environment was smaller for Principal Component 2 than for Principal Component 1. 
For work environment, variables concerned with repetitive response work (such as contact 
with other people, dealing with customers, and dealing with unpleasant or angry people) 
ranked high. For Principal Component 2, variables such as importance of knowledge and 
knowledge level ranked highest. 

 
Table 3. Loading Vectors of Principal Component 2 (Top Five in terms of Weight) 

Rank Variable Type Variable Name Weight 
1 Work environment Contact with other people 0.1368 
2 Work environment Dealing with customers 0.1327 

3  Work environment  
Dealing with unpleasant or angry 

people 0.1269  

4 Work environment Conflict with others 0.1243 
5 Competency_importance Service oriented 0.1220 

 
For Principal Component 3, the weight of variables for knowledge level and importance of 

knowledge ranked high. Weights of variables that require higher order thinking (such as 
knowledge) rather than use of the body in tasks such as communication, communication and 
media, computer and electronic engineering ranked high. 
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Table 4. Loading Vectors of Principal Component 3 (Top Five in terms of Weight) 

Rank Variable Type Variable Name Weight 
1 Work environment Working in sitting position 0.0972 
2 Knowledge_level Communication 0.0929 
3 Competency_importance Computing 0.0869 
4 Work environment Working indoors 0.0850 
5 Competency_level Computing 0.0837 

 
For Principal Component 4, variables such as knowledge level, importance of knowledge, 

work environment, and work competency level ranked evenly. When compared with Prin-
cipal Components 1 and 2, weights of variables that ranked high for Principal Component 4 
were of a higher order and for outdoor work environment such as economy and accounting, 
role conflict, sales and marketing, and working outdoors. The results of logistic regression 
performed later showed statistically significant estimates of probability of substitution for 
Principal Components 1 and 2, in contrast to insignificant estimates for Principal Compo-
nents 3 and 4. This suggests that characteristics of the variables with large weights based on 
loading vectors vary across principal components. The result that indicates the work 
environments for Principal Components 1 and 2 (which had estimates that were statistically 
significant) included many variables associated with physical activities is considered 
consistent with the conventional wisdom that occupations that involve a lot of physical 
activity are likely to be substituted due to technological advances. 

 
Table 5. Loading Vectors of Principal Component 4 (Top Five in terms of Weight) 

Rank Variable Type Variable Name Weight 
1 Knowledge_level Economics and Accounting 0.1784 
2 Knowledge_importance Economics and Accounting 0.1621 
3 Work environment Role conflict 0.1527 
4 Knowledge_importance Sales and marketing 0.1519 
5 Work environment Working outdoors 0.1513 

 
Principal component analysis and logistic regression analysis on 58 training data sets with 

job labels generated the results on the relationships between job characteristics and 
probability of substitution. Predictions were made on the probabilities of substitution for 607 
unlabeled and 58 labeled jobs. 

 
Table 6. Descriptive Statistics for Occupation Probability of Substitution - PCA 

Minimum 1st Quartile Median Mean 3rd Quartile Maximum 
Standard 
Deviation 

0 0.06 0.39 0.48 0.95 0.99 0.40 
 
An occupation being substituted was labeled as 1. This means that the closer the probability 

of substitution is to 100%, the more likely the job is to be substituted. Conversely, the closer 
the probability of substitution is to 0%, the less likely it is to be substituted. The mean of 0.48 
suggests that nearly half of occupations will be substituted. However, the 1st quartile and the 
median suggest the possibility that the probability of substitution of more than half of occu-
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pations is likely, and that the probability of substitution of approximately half is likely an 
underestimation. 

 
Fig. 1. Probability of Substitution by Occupation - PCA 

 
 
The occupational groups with a probability of being substituted (close to 0) included 

professors of natural sciences, foreign exchange dealers, lighting designers, photogrammetry 
and analysis technicians, clinical psychologists, and senior officers of companies. Most of 
these occupations had job characteristics primarily related to analysis and decision-making. 
Occupations that showed 50% probability of substitution (i.e., half-and-half probability) were 
real estate consultants, webmasters, and shipbuilding engineers. Occupations with a proba-
bility of substitution close to 100% were hotel room cleaners, food delivery workers, auto parts 
assemblers, ironsmiths, textile graders, and inspectors. Most of these jobs had the charac-
teristic of being repetitive. 

The estimated probabilities of substitution were classified using the criteria of KEIS 
occupational classification. Consistent with conventional wisdom, the agricultural, forestry, 
and fishery occupations were estimated to have the highest probability of substitution. 
Although the data set is very small, it would be reasonable to expect that nearly all occupations 
will be substituted for the agricultural, forestry and fishery occupations, given that the 
minimum value is 98.4%. The occupational groups with 80% or higher estimated probabi-
lities of substitution were construction and mining occupations, commerce, sales, driving, 
and transport occupations, beauty care, tourism, lodging, food service, protective services, 
cleaning occupations, and installation, maintenance, and production occupations. Most of 
these occupations can be said to have a high proportion of physical activity. Because the 
categories are large occupational groups, the probabilities of substitution for individual 
occupations may be low. For example, the installation, maintenance, and production group 
comprises occupations with a probability of substitution close to 0%. The occupational 
groups with the lowest probability of substitution were education, legal, social welfare, police, 
fire fighting, armed forces occupations, and research, engineering, and technical occupations. 
In particular, the estimate of the research, engineering, and technical occupational group was 
lowest among the large categories of occupations. These occupations have little physical 
activity and require higher order thinking. 
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Table 7. Probability of Substitution by Occupational Group (Large Categories) - PCA 

Classification of Occupations (KEIS) Number Mean Min. Max. 
Agriculture, forestry, and fishery 4 99.53% 98.44% 99.95% 
Construction and mining 12 91.06% 50.55% 99.96% 
Commerce, sales, driving, and transport 24 89.54% 37.45% 99.99% 

Beauty care, tourism, lodging, food 
services, protective services, and cleaning 

44 
 

87.27% 
 

11.66% 
 

99.99% 
  

Installation, maintenance, and production 93 84.05% 0.18% 99.97% 

Arts, design, broadcasting, and sports 97 51.45% 0.06% 99.97% 

Health and medical services 27 40.23% 0.06% 99.92% 

Business, clerical, finance, and insurance 155 38.40% 0.01% 99.94% 
Education, legal, social welfare, police, fire 
fighting, and armed forces 63  32.52%  0.01%  98.87%  

Research and engineering technicians 146 17.98% 0.01% 99.42% 

International trade 56 46.69% 0.12% 99.98% 

 
5.2. Ridge Regression Results 
Ridge regression enables identification of the importance of individual job characteristics. 

Table 8 presents the importance of the top 20 variables. First, in terms of job characteristics, 
the importance of the work was more important than the level of the work required for the 
job. It can be said that most workplaces require various job competencies rather than requir-
ing a high level of work and the competencies considered important for each occupation are 
different. The results show that variables ranked top on job characteristics are those that 
require higher order thinking, such as technical analysis importance, creativity importance, 
and problem solving importance. Most of the top 20 job characteristics require higher order 
thinking (such as advanced thinking and the presentation of solutions for accidents) and 
current technologies such as AI are unlikely to be able to match human thinking. 

 
Table 8. Importance of Job Characteristics 
Rank Variable Type Rank Variable Type Rank Variable Type Rank Variable Type 

1 Technical 
analysis_importance

6 Education and 
training_importa
nce 

11 Reasoning 
skills_importance 

16 Quality control 
analysis_importance 

2 Creativity_importance 7 Logical 
analysis_importa
nce 

12 Monigoring_importan
ce 

17 Equipment 
selection_importanc
e 

3 Problem 
solving_importance 

8 Technical 
analysis_level 

13 Arithmetic and 
math_level 

18 Communication and 
media_level 

4 Technical 
design_importance 

9 Computer and 
electrical 
engineering_level

14 Repetitive movement 19 Teaching_importance 

5 Analysis and 
evaluation of 
organization_importa
nce 

10 Learning 
strategy_importa
nce 

15 Employment 
opportunity 

20 Installation_importan
ce 
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The probability of substitution for each job was estimated according to the importance of 

job characteristics derived using the ridge method. 
 

Table 9. Descriptive Statistics for Occupation’s Probability of Substitution - Ridge 
Regression 

Minimum 1st Quartile Median Mean 3rd Quartile Maximum Standard 
Deviation 

0.07 0.25 0.39 0.45 0.65 0.93 0.24 
 
In the ridge model, the mean is 0.45, suggesting almost half of occupations would be 

substituted. However, the 1st quartile and the median are lower than the mean, which suggests 
that the probabilities of substitution were underestimated compared with the results of the 
principal component analysis. 

 
Fig. 2. Probability of Substitution by Occupation – Ridge Regression 

 
 
The occupational groups with a near-zero probability of substitution were elementary and 

middle school vice principals and principals, engineering and natural science professors, 
financial product developers, satellite engineers, investment analysts, foreign exchange 
dealers, and accountants. Most of these occupations comprise job characteristics mainly 
related to analysis, organizational management, and decision-making. Occupations with a 
50% probability of substitution (i.e., half-and-half probability) were metal and materials 
engineering test associates, insurance clerks, and childcare teachers. Seven occupations had a 
probability of substitution exceeding 90%. These included loading workers, bath managers, 
construction site painters, and security guards. These occupations are mostly characterized 
by simple repetitive tasks; while the occupations are different from those in the results of the 
principal component analysis, they mostly involve simple repetitive tasks. 

The estimated probabilities of substitution were classified using the KEIS occupational 
classification criteria. Consistent with conventional wisdom, the agricultural, forestry, and 
fishery occupations demonstrated the highest probabilities of substitution, which is consis-
tent with the principal component analysis results. 
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Occupational groups with 50% or higher substitution probability were agriculture, forestry, 

and fishery occupations, construction and mining occupations, commerce, sales, driving, and 
transport occupations, beauty care, tourism, lodging, food service, protective services, 
cleaning occupations, and installation, maintenance, and production occupations. The only 
group with less than 30% substitution probability was research, engineering, and technical 
occupations. As the probability of substitution is low for the occupational group where the 
proportion of physical activity is relatively low, these results likely describe the reality. 
Although the probabilities of substitution for occupation groups are somewhat different 
between the principal component and ridge analyses, the ranks of occupational groups are 
extremely similar between them. 

 
Table 10. Probability of Substitution by Occupational Group (Large Categories) – Ridge 

Regression 
Classification of Occupations (KEIS) Number Mean Min. Max. 

Agriculture, forestry, and fishery 4 82.72% 76.54% 87.09% 
Construction and mining 12 78.43% 53.28% 90.93% 
Commerce, sales, driving, and transport 24 72.41% 32.47% 93.29% 
Beauty care, tourism, lodging, food 
services, protective services, and cleaning 

44 68.49% 26.37% 91.02% 

Installation, maintenance, and production 93 72.09% 10.29% 91.43% 
Arts, design, broadcasting, and sports 97 46.42% 8.73% 88.26% 
Health and medical services 27 39.93% 10.44% 82.60% 
Business, clerical, finance, and insurance 155 34.53% 4.77% 83.55% 
Education, legal, social welfare, police, fire 
fighting, and armed forces 

63 31.93% 5.49% 66.07% 

Research and engineering technicians 146 27.80% 6.61% 82.75% 
International trade 56 46.32% 7.8% 93.29% 

 
5.3. Least Absolute Shrinkage and Selection Operator(Lasso) Analysis 

Results 
The probability of substitution for each occupation was estimated using lasso. This form of 

analysis enables identification of variables that best explain the probability of substitution for 
each occupation. The analysis generated 17 variables in total, as shown in Table 11. Similar to 
the ridge results, the importance of job characteristics was more often selected as a significant 
variable than the level of job characteristics. Five variables concerning work environment 
were also selected. Variables involved in job substitution included the environment in which 
the job is performed, the ability required for simple tasks, and the ability that requires 
advanced thinking evenly. 

The probability of substitution for each job was estimated using the variables selected using 
lasso. 

In the lasso model, the mean is 0.42, suggesting nearly half-and-half probability. However, 
while the 1st quartile and median are lower than the mean, the 3rd quartile and other values 
are close to 1, showing more extreme values for estimated probabilities of substitution of 
individual occupations, compared with the results obtained from the principal component 
and ridge analyses. Furthermore, lasso had a relatively larger standard deviation compared to 
the ridge model. 
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Table 11. Significant Explanatory Variables - Lasso 
Rank Variable Type Rank Variable Type Rank Variable Type Rank Variable Type 

1 Teaching_importance 6 Equipment 
maintenance_import
ance 

11 Education and 
training _ level 

16 Very cold or hot 
temperature 

2 Technical 
design_importance 

7 Creativity_ 
importance 

12 Safety and training_ 
level 

17 Radiation 
exposure 

3 Memory_importance 8 Hearing_ importance 13 Telecommunications
_ level 

18

4 Physical resource 
management_import
ance 

9 Technical design 
_level 

14 Walking or running 19
 

5 Physical 
toughness_importan
ce 

10 Safety and security_ 
importance 

15 High-altitude work 20
 

 

 
Table 12. Descriptive Statistics for Occupation’s Probability of Substitution - Lasso 

Minimum 1st Quartile Median Mean 3rd Quartile Maximum Standard 
Deviation 

0 0.04 0.25 0.42 0.99 0.99 0.40 

 
Fig. 3. Probability of Substitution by Occupation – Lasso 
 

 
 
The occupational groups with a near-zero probability of substitution were elementary and 

middle school vice principals and principals, big data analysis specialists, engineering 
professors, sports agents, web designers, clinical psychologists, and air force officers. There 
were approximately 84 occupations with a probability of substitution of less than 1%, and 
there were more occupations with a near-zero probability of substitution than other models. 
Most of these jobs had characteristics related to judging and analyzing situations, creative 
development, and organizational management and operation. Occupations that demon-
strated 50% probability of substitution (i.e., half-and-half probability) were telecommuni-
cation technicians, health sanitation and environmental inspectors, home appliance insta-



Journal of Korea Trade, Vol. 25, No. 5, August 2021 

124 
llation and repair workers, and employment support officers. There were 155 occupations 
with a probability of substitution exceeding 90%. Considerably more jobs were estimated to 
be substituted than in other models. There were 65 occupations with a probability of 
substitution close to 100%, which is higher compared to other models. These included fruit 
and vegetable-related machine operators, cement and mineral product manufacturing 
machine operators, accounting clerks, loading workers, and survey data processing workers. 
These jobs were characterized by mostly simple tasks or occupations groups with repetitive 
work to manufacture products by operating machines. These results are similar to the 
probabilities of substitution estimated using the earlier two methods. 

The estimated probabilities of substitution were classified using the KEIS occupational 
classification criteria. Consistent with the results of principal component and ridge analyses, 
the agricultural, forestry, and fishery occupations had the highest probability of substitution. 
Four occupational groups had 50% or higher probability of substitution; these were agricul-
ture, forestry, and fishery occupations, construction and mining occupations, commerce, 
sales, driving, and transport occupations, beauty care, tourism, lodging, food services, pro-
tective services, and cleaning occupations, and installation, maintenance, and production 
occupations. This is consistent with the previous two models. Two occupational groups 
demonstrated less than 30% probabilities of substitution: education, legal, social welfare, 
police, fire fighting, and armed forces occupations and research, engineering, and technical 
occupations. Although the probabilities of substitution of individual occupational groups 
varied across models, the three models are similar in the rank orders of the occupations in 
terms of probability of substitution. 

 
Table 13. Probability of Substitution by Occupational Group (Large Categories) - Lasso 

Classification of Occupations (KEIS) Number Mean Min. Max. 
Agriculture, forestry, and fisheries 4 98.78% 97.42% 99.87% 

Construction and mining 12 90.56% 26.43% 99.86% 

Commerce, sales, driving, and transport 24 86.75% 6.57% 99.92% 
Beauty care, tourism, lodging, food services, 
protective services, and cleaning 44 66.27% 1.55% 99.90% 

Installation, maintenance, and production 93 81.34% 0.15% 99.96% 

Arts, design, broadcasting, and sports 97 37.90% 0.07% 99.54% 

Health and medical services 27 24.66% 0.08% 99.83% 

Business, clerical, finance, and insurance 155 37.58% 0.00% 99.92% 
Education, legal, social welfare, police, fire 
fighting, and armed forces 63 19.08% 0.00% 92.44% 

Research and engineering technicians 146 16.08% 0.02% 99.16% 

International trade 56 46.23% 7.8% 93.29% 
 
5.4. Comparison Between International Trade Workers and Other 

Occupational Groups for Probability of Substitution 
Estimates for international trade workers were additionally classified. In KEIS, there is no 

precise definition of international trade workers in the occupational classification. Therefore, 
in this study, occupations related to international trade were identified by reviewing 
occupations in the vocational dictionary. “International trade worker” was broadly defined 
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by including any occupations that contained the term international trade in the job 
description or that are required for international trade. 

 
Table 14. Occupations in International Trade 

Occupations in International Trade 
MIS specialist (management information system developer), accounting clerk, business planning 
associate, business consultant, economics researcher, airport quarantine officer, tour interpreter 
guide, customs officer, customs administrative clerk, technical support specialist, heavy truck 
driver, road transport clerk, pilot, risk manager, marketing associate, marketing specialist, 
marketing research specialist, duty-free salesperson, trade associate, logistics management 
specialist, translator, legal clerk (incl. patent clerk), insurance manager, insurance agent and 
broker, insurance clerk, office assistant, production management clerk, ship deck worker, ship 
cabin crew, ship traffic controller, ship engineer, ship technician, ship navigation manager, ship 
mechanic, ship assembler, ship broker (charterer), captain and navigator, signal worker and 
transporter, information and reception clerk, check-in clerk, courier, quality control clerk, quality 
certification review specialist, loading worker, aeronautical engineer, air traffic controller, ticket 
issuing clerk, aircraft cabin crew, marshaller, aircraft maintenance technician, aircraft pilot, air 
transport clerk, coast guard, marine engineering technician, fisheries technician, international 
salesperson 
 
The analysis on international trade workers was performed using the means of the 

estimates obtained from the three previous models. Probabilities of substitution were 
compared between international trade workers and other occupational groups using more 
objective criteria. 

 
Table 15. Descriptive Statistics for Occupation’s Probability of Substitution - Mean 

Minimum 1st Quartile Median Mean 3rd Quartile Maximum Standard 
Deviation 

0 0.12 0.36 0.44 0.79 0.97 0.33 
 

Table 16. Probability of Substitution by Occupational Group (Large Categories) - Mean 
Classification of Occupations (KEIS) Number Mean Min. Max. 

Agriculture, forestry, and fisheries 4 93.67% 91.00% 95.90% 

Construction and mining 12 86.68% 43.42% 96.89% 

Commerce, sales, driving, and transport 24 82.90% 25.49% 97.71% 
Beauty care, tourism, lodging, food 
services, protective services, and cleaning 44 74.01% 13.19% 96.65% 

Installation, maintenance, and production 93 79.16% 3.56% 97.07% 

Arts, design, broadcasting, and sports 97 45.26% 2.95% 95.83% 

Health and medical services 27 34.94% 3.53% 93.81% 

Business, clerical, finance, and insurance 155 36.84% 1.60% 94.43% 
Education, legal, social welfare, police, fire 
fighting, and armed forces 63 27.84% 1.85% 83.30% 

Research and engineering technicians 146 20.62% 2.35% 93.55% 

International trade 56 49.08% 2.68% 97.71% 
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Fig. 4. Probability of Substitution by Occupation - Mean 

 
 
 

Fig. 5. Probability of Substitution by Occupation in International Trade - Mean 

 
 
The probability of substitution for other occupational groups did not significantly vary 

across individual models, and the rank order of the probabilities across occupational groups 
were similar across models. The mean probability of substitution for international trade 
workers was approximately 49.1%. The probability was close to 100% for ship deck crew, ship 
cabin crew, and loading workers; however, the probability was 10% or lower for the captain, 
navigator, and ship traffic controller. International trade occupations ranged from those 
requiring highly advanced thinking to simple repetitive tasks. Accordingly, the probability of 
substitution for the occupations varied from close to 0% to 100%. 
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6.  Conclusions and Limitations 
This study investigated the impact of digitalization on the labor market. The job 

characteristics data for individual occupations provided by KEIS and the information on 
occupational status of substitution provided by Frey and Osborne were used as primary data 
for analysis. Because there were too many job characteristics to consider for analysis, the study 
used three analytical methods: principal component analysis, ridge, and lasso. 

Four principal components were derived by principal component analysis, and logistic 
regression analysis was performed on occupations that are substituted due to technological 
advances using the four principal component variables. The probabilities of substitution for 
various occupations were estimated using the coefficients of logistic regression analysis. The 
results show that, on average, approximately 49% of all occupations would be substituted due 
to technological advances. However, given that the 1st quartile is 6% and the 3rd quartile is 
95%, job substitution is likely to be highly polarized. According to ridge analysis, the im-
portance of variables was identified and used to estimate the probability of substitution for 
each occupation. There were fewer extreme estimates of probabilities of substitution com-
pared with principal component analysis. The results show that, on average, approximately 
45% of all occupations would be substituted. According to lasso analysis, variables affecting 
the probability of substitution were identified; a total of 17 variables were identified and used 
for estimation of probability of substitution. The results show that, on average, approximately 
42% of all occupations would be substituted. Although the results of the three models 
somewhat varied, the rank order of occupations (in term of probability of substitution) was 
similar, which suggests they are the results of reasonable estimation. Furthermore, the average 
value of the three models and the probability of substitution for international trade workers 
were compared. The results of the comparison by occupational group were remarkably 
similar to overall averages. This is likely to reflect that international trade has a broad range 
of occupations distributed evenly from those requiring advanced thinking to simple repetitive 
tasks. 

In this study, the probability of substitution was estimated for individual occupations. The 
status of substitution of individual jobs in estimation were based on the opinions of experts 
in various fields. This means that only the job characteristics required to adequately perform 
job responsibilities were considered, while external factors (such as economic development 
and population decline) were not. Research on estimation of probabilities of substitution for 
individual occupations using the model that incorporates external factors are also likely be 
needed. 
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