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Personalization of Learning and Work

Learning (and 

work) is

personal, driven 

by a great 

number of 

individual goals

and contexts

Image: 

https://www.psychologytoday.com/us/blog/fin

ding-the-next-einstein/201404/do-we-have-

trouble-taking-objective-feedback
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Focus on Individuals and Organisations

Kobayashi, V. B., Mol, S. T., Berkers, H. A., Kismihók, G., & Den Hartog, D. N. (2017b). Text Mining in Organizational Research. 

Organizational Research Methods, 1094428117722619. https://doi.org/10.1177/1094428117722619

https://doi.org/10.1177/1094428117722619
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What type of data?

Data about the context
• Vacancy data

• CV data

• Occupational classification

• Course syllabi

• Surveys

• Qualitative data about work

Learning Records
• Performance data

Grades

Assignments

• Behavioral data
Clicks

Content views

Social media

Data Providers
• Textkernel

• Monsterboard

• UWV (NL)

• USG (NL)
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Job Analysis: Nursing Jobs

Redefining nursing education on the basis of labour market changes

• Robotization

• New tasks

• New skills

• Complexity of nursing/care taking occupations 

Output 

• Mapping nursing skills and tasks

• Developing assessment/intervention methods 

• Curriculum recommendations
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Can we create nursing job profiles automatically?

Text Mining 

Vacancy data 

(DE, Nursing and 

Care Taking 

N: 14,712)

71 tasks

Task Inventory:

(Literature Review, 

Shadowing) 

118 tasks

Berkers, H., Mol, S. T., Kobayashi, V., Kismihók, G., & Hartog, den D. (2019). Big (data) insights into what employees do—A comparison 

between task inventory and text mining job analysis methods. In PhD Thesis. What do you do and who do you think you are? (pp. 12–

57). Retrieved from https://pure.uva.nl/ws/files/31377407/Chapter_2.pdf

Kobayashi, V., Mol, S. T., Kismihok, G., & Hesterberg, M. (2016). Automatic Extraction of Nursing Tasks from Online Job Vacancies. In 

M. Fathi, M. Khobreh, & F. Ansari (Eds.), Professional Education and Training through Knowledge, Technology and Innovation (pp. 51–

56). Retrieved from http://www.pro-nursing.eu/web/resources/downloads/book/Pro-Nursing_Book.pdf

https://pure.uva.nl/ws/files/31377407/Chapter_2.pdf
http://www.pro-nursing.eu/web/resources/downloads/book/Pro-Nursing_Book.pdf
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Task 

Inventory

Text 

Mining
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Analysis

Method:
Panel of German nurses evaluated the task list (N=65)

for inclusion, frequency, importance

Results:
• 64.6% of overlap, 22.7% unique in task inventory and 

12.7% were unique in text mining

• The two lists are not interchangeable

 Level of detail is different

 TM is more context sensitive

 TI is more fundamental
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Results

TM tasks were more abstract and less detailed, but arguably 

provided a sufficient overview of what nurses do

TM generally yielded higher inclusion and importance ratings

TM is more suitable to address the nonstandard nature of work 

and complement current forms of job analysis
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Fresh from the printery

Pedraza, P. de, Visintin, S., Tijdens, K., & Kismihók, G. (2019). Survey vs Scraped Data: Comparing Time Series Properties of Web and 

Survey Vacancy Data. IZA Journal of Labor Economics, 8(1). https://doi.org/10.2478/izajole-2019-0004

Dr. Pablo de Pedraza

(JRC)

Dr. Stefano Visintin

(UCJC)

Prof. Kea Tijdens

(UvA)

https://doi.org/10.2478/izajole-2019-0004
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Survey vs Scraped data

Objectives

Benchmarking Survey and Web Vacancy datasets

Data (2007-14, 8 years 31 quarters)

• NSO of the Netherlands (CBS) survey to measure the 

number of vacancies at the end of each quarter

• Textkernel data

Results

Evidence of highly correlated co-movements between the 

time series of Web and NSO



Page 14Web and NSO quarterly vacancies, time series decomposition: TC components.NSO, National Statistics Office; TC, trend–cycle
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Work in progress - Dynamic taxonomy 

development

Kobayashi, V. B., Mol, S. T., Berkers, H. A., Kismihók, G., & Den Hartog, D. N. (2017a). Text Classification for Organizational Researchers: A 

Tutorial. Organizational Research Methods, 1094428117719322. https://doi.org/10.1177/1094428117719322

https://doi.org/10.1177/1094428117719322
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New skills for Robotization

De-constructing and re-constructing jobs for human-

machine learning and co-working
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Transferable skills 

Source: FUTURE OF SKILLS, EMPLOYMENT IN 2030 https://futureskills.pearson.com/research/assets/pdfs/media-pack.pdf
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Example of Other Projects / Application Areas

Hybrid Jobs (Teacher Training)

Refugee skills to enter EU labour markets

Predicting the next job of an employee

Gender bias in selection
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Join our Discussion!
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Image: https://xkcd.com/


