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 ABSTRACT 

Industrialization of Artificial Intelligence (AI) raises  

several questions, inter alia, whether machines can 

gain work experience alike human workforce, whether  

the on-the-job obtained experiences may enrich  

existing knowledge, skills and abilities (KSCs) and  

untimely lead to improve its productivity. If so, human- 

and machine workforce initiate a new competition in 

the era of intelligentization where not only AI-enhan-

ced and smart machines reproduce human cognitive 

and physical capabilities, but also they may challenge  

the unique role of human as a learner. Despite  

economic, ethical and societal challenges, intelligenti-

zation undergoes rapid changes in the manufacturing 

enterprises. This paper explores the linkage between 

gaining workforce experience and labor productivity 

in hybrid man-machine settings. The ultimate goal,  

partially addressed in this paper, is to anticipate the 

learning trajectory of human and machine workfor-

ce and thus recommend the new division of labors 

and innovate new processes and products in smart  

factories. 

Keywords: Ontology, Task, Learning, Labor Productivity, Division of labor, Smart Factory

 KEY FINDING(S) 

 Interlinking job tasks in the World of Work (WoW), and Learning Items in the World of Education (WoE) via 

World of Competence (WoC) consisting of Knowledge, Skills and Competences (KSCs) required for blue- and 

white-collars. 

 Estimation of the four states of Job-KSC mismatches, namely gap, shortage, surplus, obsolete using  

Job-Know Ontology.

 Tackling the KSC imbalance problem through a proposed experience collection system, namely Job-Know 

eXeN.

 Anticipating (individual) productivity curves based on identification of KSC states. 
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This article proposes a learning assistance system to supply a blue- and white collar by recommending  

appropriate learning items, based on his/her KSC state and productivity curve.

 
 IMPLICATION(S) FOR THE PRACTICE OF SMEs 

SMEs need to recognize whether KSCs obtained by their employees meet KSCs requested to perform the job 

tasks. To accomplish this goal, the Job-Know Ontology provides a knowledge-based approach to represent “what 

is supplied”, “what is demanded” and “the relation between supply-demand”. Job-Know Ontology bridges the 

two worlds of work (WoW) and education (WoE), and subsequently infers how much the supply-demand KSCs 

are matched. Job-Know Ontology, therefore, clusters the supply-demand KSCs into five states of gap, shortage, 

balance, surplus and obsolete. To tackle the imbalance KSC states, two systems are proposed; one for collecting 

experiences to generate new knowledge, which is called Job-Know eXeN and the other is a recommendation 

system, which provides recommendations based on identifying the KSC states and anticipating productivity to 

balance the supply-demand states. 

 

1 INTRODUCTION

In manufacturing enterprises 4.0, the shift in the division of labor between human and machine is anticipatable 

(World Economic Forum, 2018). As machines may take over part of the tasks of today, especially routine manual 

and/or cognitive tasks, employees should perform emerging tasks, in particular, non-routine manual and/or 

cognitive tasks. Depending on job roles, a human workforce may either i) interact with machine workforce, inclu-

ding smart machinery and devices, artificial intelligence (AI) systems, collaborative robots (cobots) or learning 

assistance systems, or ii) collaborate with other professionals in diverse qualification levels, including operators, 

administrative personnel, engineers and/or managers. Involving in structured processes, which consist of a set 

of sequential, pooled, reciprocal or shared tasks requires a) identifying the job tasks defined as a part of the job 

description by the employers, and b) specifying the knowledge, skills, and competences (KSCs) demanded to 

perform the job tasks.

Learning has been understood as part of human intelligence and in fact, human rights e.g. to learn how to  

perform a specific job. Educational institutions, particularly vocational education and training (VET), support  

learners (i.e. potential job seekers) to acquire the required KSCs demanded by the world of work (WoW), i.e. a 

specific job. Moreover, job seekers and/or jobholders improve the level of KSCs and fill the KSCs gap either by 

participating in off-the-job-training programs or doing the tasks and gaining experiences on-the-job, respectively 

(Khobreh et al., 2016). In both cases, job seekers/jobholders as lifelong learners reinforce their body of know-

ledge, i.e. the required KSCs, towards career development as a lifelong learning process. In this continuous trai-

ning process, there is a basis of KSCs, which jobholders possessed in educational institutions. Nevertheless, they 

maintain, enrich and sustain the KSCs level by gaining experiences. In fact, there is a direct relationship between  

i) what KSCs possessed by learners and ultimately represented by jobholders and ii) what KSCs required to fulfill  
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expected degrees of employee’s on-the-job performance. If what is supplied and what is demanded are not in a 

state of equilibrium then the actors (i.e. jobholders and employers) faces with KSCs imbalance, performance pro-

blem and ultimately job dissatisfaction. To define the KSCs imbalance problem, first the tasks should be identified, 

second, the required KSCs should be recognized and finally, KSCs represented by the job-seeker/holder should be 

compared with what is demanded. Considering experience-driven processes at the heart of a job, the jobholders 

obtain individual-based KSCs by doing the tasks, collecting experiences and fulfilling the assigned tasks compet-

ently, i.e. KSCs imbalance problem is tackled. This sort of KSCs is reinforced by experiences collected over time. 

Furthermore, the relation between labor productivity and labor experience has long been the subject of scientific 

investigation. The undergoing digitalization and intelligentization in manufacturing enterprises raise several 

questions about the new division of labor and its impact on organizational learning and labor productivity (Ansari,  

2019). The main reason is the intelligentization of machines, processes, and products. In other words, beside 

human as a learner and knowledge actor, intelligent machines and AI systems emerge a new group of learnable 

workforce (cf. definition of Knowledge Actor 4.0 in (Ansari, 2019)). Approaching the aforementioned challenges 

from the angle of Task-KSC supply and demand, the key questions of this paper are as follows: What will be the 

effect of workforce experience and learning on labor productivity? How to monitor the evolution of human- and 

machine-specific KSCs in smart factories? And, how to provide recommendations (strategies and measures) to 

anticipatively control the evolution of KSCs linked to the variable division of labors? 

In earlier works, the Job-Know Ontology, an ontological model of WoW and WoE, has been developed, which 

represents the relation between the tasks that construct a job and the required KSCs. It supports reasoning out 

(im)balance state of supply-demand. The methodology of developing “Job-Know Ontology” has been elaborated 

in (Khobreh et al., 2016). This paper presents the initial steps towards adopting the “Job-Know Ontology” in 

smart factories. To this end, Job-Know Ontology is used which dynamically collects human- and machine-speci-

fic experiences during performing a job in smart factories. In particular, the Job-Know Ontology establishes the 

knowledge-base, i.e. the semantic representation of task- and KSC elements, including the job tasks, required 

KSCs demanded, and learning lessons/experiences, which are qualifiers and enablers of the job tasks. It pro-

vides set of rules to reason out what is needed and what is missed in the supply-demand chain of learning and 

performing. Besides, this paper lays the ground for extending the scope of the ontology into an “experience-dri-

ven Job-Know Ontology” in which lessons learned are used to tackle the imbalance problem and improve labor 

productivity, including both human and machine workforce. In so doing, the Job Knowledge Experience Engine 

(eXeN) and the Job Knowledge Recommendation System (RecoSys) are proposed. 

The rest of the paper is structured as follows: Section 2 discusses the background of the research including a 

detail discussion on learning curve and productivity. Section 3 elaborates the Job-Know Ontology and presents 

the KSCs imbalance states. Section 4 introduces Job Knowledge Experience Engine (eXeN) and Job Knowledge 

Recommendation System (RecoSys), which provides new learning items from collected experiences and recom-

mends appropriate learning items for further learning and training, respectively. Section 5 concludes the study 

by summarization and discussion.
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2 BACKGROUND

2.1 WHY MEASURING LEARNING EFFECTIVENESS MATTERS IN SMART FACTORIES? 
In conventional factories, a safety zone or a physical/virtual (un-)fixed fence distinguishes human-and machine- 

specific workplace. The emergence of cobots introduces human-machine collaboration and sharing workplace 

(Sylla & Satwick, 2017). AI agents, intelligent and learnable software and robot systems fulfill a certain degree of 

autonomy, where they reproduce humankind of physical and cognitive capabilities (Ansari et al., 2018a). Hence, 

the new division of labor between human and machine workforce is anticipatable, in which three types of tasks 

can be introduced namely human tasks for humans, machine tasks for machines, and shared tasks for both 

human and machine workforce. As depicted in Figure 1, the entire pool of tasks is, therefore, divided into three 

partitions, whereas today two partitions (Ansari, Erol & Sihn, 2018). 

Let us assume that “Learnability” and “Learning Effectiveness” in performing tasks are determinants of “Labor 

Productivity”. In case of human- or machine-specific tasks, monitoring individual learning curves (LCs) may pro-

vide valuable information with regard to an optimal division of labor. LCs of human and machine can cross, with 

the result that the advantage of the alternatives “Human or machine” depends on the planned order volume. For 

investment decisions on cobots and AI systems, the question whether the target tasks should be performed by 

man or by a machine must be answered based on estimating the correlation between labor productivity and the 

total costs or expenditures for both labor alternatives during the working life of human and machine workforce. 

LCs provide a good basis for forecasting the effect on productivity.

 

 

Figure 1: Labor Productivity, Sharing Workplace and Workforce Experience in Smart Factories
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In case of the shared task, segmentation of a task into sub-task might be a way to distinguish human and machine  

profiles and sketch related LCs. LCs of both can be used to evaluate different configurations. For example, if  

alternatives are available for the system design of Digital Assistance Systems (DAS), their dynamic behavior can 

be evaluated using LCs. The parameters Handling/Operation Time, Human Error Probability and Learning Time 

discussed by Ansari, Hold, Sihn (2018) are suitable for this purpose. As a scientific challenge, still investigation 

is required to identify a target function for measuring learning effectiveness associated with productivity in the 

shared workplace under boundary conditions such as safety, privacy, scalability, and complexity with regard to 

product, processes, operations and tasks (Ansari et al., 2018b). 

2.2 LEARNING AND LABOR PRODUCTIVITY

2.2.1 DEFINITION AND MEASUREMENT OF LABOR PRODUCTIVITY

Productivity is generally seen as an input-output ratio of quantitative variables. The numerator of such a  

quotient, i.e. the productivity key figure, contains the product quantity generated (measured in pieces, weight 

units, etc.) and the denominator contains the quantity of a production factor required for that output. Labor 

productivity PL can thus be defined that the quantity q of produced parts or end products is set in relation to the 

working time tL (in hours) required for q (Blohm et al., 2016):

            (1)

To reflect a change in labor productivity, the reciprocal PL
-1 of this key figure is also used. For example, the im-

provement in efficiency can be expressed in the assembly of a particular type of car by showing the reduction 

in the number of required working hours per vehicle. So that labor productivity at a certain point in time and 

its development over time can be meaningfully interpreted, it should be noted that both, output and input, are 

homogeneous goods each, i.e. they should be of the same quality. Otherwise, an addition of the output or input 

quantities would not be possible. If, on the other hand, the output is qualitatively different, but at least similar, 

and if it is also known in what ratio the n different products differ in terms of labor input, then the qualitatively 

different outputs qi (i = 1, ..., n) can be summarized additively by using standardization factors gi in the form of a 

weighted arithmetic mean:

            (2)

In this equation, q denotes the output in calculation units. The standardization factors represent the reduced 

expenditure (gi < 1) or additional expenditure (gi > 1) of working time compared to a standard product (gi = 1). The 

standard product does not have to exist in reality but can be a fictitious operand. Let us assume that the three 

products are manufactured. Product 1 requires 95% of the working time of the standard product (= product 2) 

per unit, while product 3 requires 110%. The production quantities in an accounting period are q1 = 3000 units,  

q2 = 5000 units and q3 = 4000 units. The output q is then 12,250 calculation units. If a total of tL = 10000 working 

time units was utilized for all products, the labor productivity is PL = 12.25 calculation units per time unit.
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The method of productivity calculation by means of a standard product can be applied without great effort in case 

of traditional mass and large series production. The domain of the Smart Factory, however, is the production 

of more differentiated products (i.e. Lot Size One), so that the more heterogeneous the production program, the 

more time-consuming the procedure will become.

If (very) different labor qualifications are involved in the manufacturing of a product, the condition of homo-

geneity of the input is not met in order to determine labor productivity. In this case, a procedure analogous to 

that described above with standardization factors hj with j = 1, ..., m is recommended for the survey of the total  

required working time tL, where m denotes the number of qualification levels to be taken into account. Starting 

from a “reference qualification” which receives the factor hj = 1, the required working hours tLj of the indivi-

dual qualification levels are multiplied by a normalization factor hj < 1 if the qualification is below the reference  

qualification or, conversely, by a factor hj > 1. As a pragmatic solution to the problem of quantifying these  

standardization factors, it is proposed that the factors be determined in relation to the compensation paid to the 

employees. In this way, for the total working time required, the following result is obtained

            (3)

and for the labor productivity

            (4)

When interpreting labor productivity in an isolated way, it should be noted that the influence of the other produc-

tion factors (machines, materials, planning, and management) must not be neglected (Blohm et al., 2016). The 

output always results from the combination of all production factors involved. For example, an increase in labor 

productivity can be based on the use of more efficient machinery, easier to handle components, improved work 

instructions or several influencing factors that are working simultaneously. Therefore, an observed increase in 

labor productivity does not necessarily or solely result from an increase in the efficiency of labor. This is parti-

cularly relevant when considering larger periods of time in which production processes, including factor input 

ratios, have been changed.

For reasons of simplification, the following explanations are confined on one product (n = 1) and one work  

qualification (m = 1), so that the indexing of the variables q and tL is no longer required. In the following, t is set 

for tL as well.
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2.2.2 LEARNING CURVES AS A LINKAGE BETWEEN WORKFORCE EXPERIENCE AND LABOR 

PRODUCTIVITY

The fundamental contribution by Wright (1936), which is still frequently cited today, is based on empirical data 

from the aircraft industry since the early 1920s. Wright‘s finding of the relationship can be expressed by the 

following equation:

            (5)

In the above equation of LC, x is the cumulated product quantity and t1 = t (x = 1) is the required working time for 

the first quantity unit. b is the learning coefficient, a non-dimensional parameter to be determined empirically, 

which represents the learning success. t(x) denotes either the working hours required for the xth output unit 

(unit cost model) or the average cumulated working time per output unit for the production of x units (average 

cost model) (Badiru, 1992). The term “cost model” derives from the fact that cost can be also considered instead 

of production times, because under the condition of constant compensation rates per time unit (homogeneity of 

work input), the transition from t to cost is a pure linear transformation that does not change the basic statement, 

i.e. with each multiplication (e.g. doubling) of the cumulative output of a product, the required production hours 

of a unit or the corresponding unit cost decrease by a constant percentage. LC, a hyperbolic curve, is visualized 

in Fig. 2.

 

 

Figure 2: Learning Curve and Productivity

If we use the reciprocal value of the working hours per output unit, we obtain, as explained above, productivity. 

Its graph is also shown in Fig. 2 as a function of the cumulative production quantity. In this respect, the term 

“Curve of Natural Productivity Increase” (Keachie, 1964) for LC is equally appropriate. Another term, “experience 

curve”, is well suited to the fact that workers are becoming more and more productive because of increasing 

experience, measured in terms of cumulative output. Nevertheless, this term is not very common for learning 

in the operative area of manufacturing and is mostly used in the sense of a cost experience curve for strategic 

issues (the composition of the product portfolio, product design, competitive analysis). In this case, not only the 
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labor cost but also all payments, which result in manufacturing the products are considered. A doubling of the 

product quantity produced leads to the reduced execution time as in:

            (6)

The decrease can be expressed by the ratio as in:

            (7)

Logarithmizing provides

            (8)

and thus the learning coefficient

            (9)

For example, for every doubling of the cumulative output quantity, the reduction in working time is 20%,  

then q = 0.8, that is, there is an 80% learning curve. The resulting learning coefficient is

            (9.1)

With double-logarithmic axes, the learning curve acquires a linear form (Fig. 3). The parameter b is a measure of 

the slope of the curve and reflects the fact that the learning rate is constant (log-linear model). However, it also 

implies that the learning effect is absolutely highest with small-cumulated quantities.

 

Figure 3: Learning Curve (log-log Scale)
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LCs represent a statistical relationship on a “macroscopic” level, while a causal analysis must be based on the 

single influencing factors of the learning effect (“microscopic” level). The increase in productivity of working peo-

ple is certainly largely due to the exercise effects of learning by doing, i.e. the increasing routine raises the speed 

of work operations. Work interruptions disturb the exercise effect, so that forgetting (“de-exercising”) begins. 

Whether and to what extent other influencing factors are effective depends on the conditions of the individual 

case. Anzanello and Fogliatto (2011) report on studies in which diverse factors have been investigated, as the 

structure of training programs, workers’ motivation, prior experience with the task, and complexity of the task. 

Unclear work instructions and poor production planning, which leaves a high degree of freedom to the workers, 

increase the savings potential and steepen the learning curve. A high degree of difficulty of the work task and a 

small influence of the mechanical equipment on the operation times result in the same effect. In these cases, it 

can be assumed that not only the improvement of sensorimotor abilities due to the repetition of work processes 

but also the gradual improvement of the working method by the worker, i.e. adaptations of the micro-processes 

through feedback (Seidenberg, 2012), lead to an increase in productivity. In other words, the same process is not 

only always carried out faster but is also modified in the direction of higher efficiency. Interindividual differences 

in learning ability (intelligence quotient, speed, sustainability, etc.) interfere with the above-mentioned external 

influences.

Over time, extensions and modifications of Wright‘s log-linear model have been developed which take into  

account further influencing parameters and also lead to other curves (s-shaped, transition to a plateau, etc.)  

(cf. the literature overviews at Badiru, 1992; Anzanello & Fogliatto, 2011; Glock et al., 2018). A plateau, i.e. a  

parallel to the axis of the independent variable, indicates that learning has come to a stop or saturation point, 

may it be that all potentials for improvement have been exhausted, may it be that the machine exerts a dominant 

timing influence. While the log-linear model is the most investigated LC model, exponential and hyperbolic have 

been discussed also. 

Multivariate models consider more than one independent variable influencing workforce learning. Badiru (1992) 

presented a LC model with the two independent variables “cumulative production” and “cumulative training 

time”, which was statistically analyzed by him with the result that there was a strong (negative) correlation 

between the variables. 

Two examples, which do not originate from industrial production, may illustrate how widely LCs can be applied. 

Martin et al. (2011) describe the application of LC for evaluating and improving personalized educational systems 

(intelligent tutoring systems). They use an error rate as a function of the number of times the test persons have 

had an opportunity to practice a particular knowledge component. 

Notably, in machine learning, LC are used as well. As the independent variable “number of training iterations” 

is chosen in the artificial neural network literature and “number of training examples” in the field of general 

machine learning (Perlich, 2011). In the former context, the model error is investigated and in the latter the  

performance, for instance as a comparison of competing for modeling algorithms.
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3 JOBKNOW ONTOLOGY REPRESENTS KSCs SUPPLIED AND DEMANDED

As the jobholders pave the professional level from novice to expert (i.e. five levels is considered: novice,  

beginner, intermediate, competent, expert), the sort of KSCs that they represent are getting more advanced and 

mature and the jobholder productivity is increased. This is the result of learning and gaining experience by doing 

the tasks. The experiences and lessons learned, which result in increasing productivity, should be collected, 

documented, digitalized and shared as the learning assets. 

Lack of KSCs to perform the job tasks, which should be obtained by learning and experiencing represents KSCs 

imbalance problem. One of the force drivers, which leads to KSCs imbalance problem is the missing link between 

the World of Work (WoW) and World of Education (WoE). Knowledge and experience management hand in hand 

with semantic technology contributes to connecting these two worlds and model a connected, integrated and 

compounded world. In this paper, the authors gain benefit from ontology modeling as a technique to represent 

the semantic relation of WoW and WoE and establishing the compounded world, so called World of Competence 

(WoC) as elaborated earlier in Khobreh (2017).

3.1 MOTIVATING SCENARIOS
A jobholder has two roles in smart factories; one is performing the tasks as a worker (i.e. doer) and the other is 

learning the lessons and collecting experiences by doing the assigned tasks (i.e. learner). These two roles are 

intertwined, i.e. in a time that the jobholder is performing the task in the same time; she is obtaining the new 

experiences and upskill/reskill her competence level. LC shows the result of performing, learning, re-skilling/

upskilling and ultimately increasing productivity. 

The Job-Know Ontology is mainly initiated based on three motivating scenarios:

 Scenario I – KSCs required for performing the assigned job task are less than KSCs required. 

 Scenario II – KSCs required for performing the assigned job task are more than KSCs required.

 Scenario III – KSCs required for performing the assigned job task, meet the KSCs required.

The above-mentioned scenarios define five KSCs states, i.e. gap and shortage, which address the scenario I, 

surplus and obsolete, which address scenario II, and balance state, which addresses the scenario III. Figure 4 

illustrates the five KSCs states, their descriptions, and related scenarios.
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Figure 4: KSC States, Type, Description and Scenarios

The KSC gap and shortage states reveal that the pointed KSCs should be (re)learned/(re)skilled to meet the 

required KSC level. In contrast, to tackle the problem of surplus and obsolete, the possessed KSCs should be 

“unlearnt”/forgotten. Finally, the KSC balance is the only state, where the supplied KSC meets the requirements. 

The balance state can be considered as the “flow” state defined by (Csikszentmihalyi, 1990), where task and KSC 

meet each other. This state shows that the jobholder holds sufficient KSC to perform the assigned task. So that 

she flows while she reskills/upskills her possessed KSCs and paves the professional levels. Therefore, she 

seeks for more challenging tasks.

3.2 WORLD OF WORK  DEMAND SPACE 
The WoW consists of jobs and tasks regardless of who should perform the job either machine or human or both. 

Table 1 defines the basic glossary of terms. The WoW ontology includes five classes of Job, Task, Job Description, 

Job Specification, Job-KSC, which are defined in the followings. 

International Labor Office (ILO) defines a job as “a set of tasks and duties performed or meant to be performed, by 

one person including for an employer or in self-employment” (International Labour Office, 2012). The job consists 

of duties, which is a collection of tasks, a task is a collection of activities, and activity is a collection of groups of 

elements. Finally, an element is the smallest unit of a job, which has a beginning, middle, and end (Brannick et al., 

2007). There is a difference between “job” and “role”. The role is about people and means “the part play people 

in their work”, while “jobs are about the tasks and duties” (Armstrong & Taylor, 2014). The focus of this study is 

on the job, not the role.

The job tasks are described by the job description. A job description is about the tasks rather than the outco-

mes of the tasks and competences required to perform the tasks (Armstrong & Taylor, 2014; Breaugh, 2017).  
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To specify education level (qualification), experience, specific KSCs and personal characteristics, which repre-

sents the potential of being able to perform the job, job specification is defined (Brannick et al., 2007; Breaugh, 

2017).

A KSC required to perform a task should be specifiable, definable, and measurable (Allen & Pilot, 2001). Table 1 

defines the glossary of the WoW domain to facilitate a common understanding of the terms. The focus of German 

vocational education is placed on “the ability to apply theoretical knowledge in a practical context” (Clarke & 

Winch, 2006). In this way, competence refers to both “professional” and “personal” competences and conse-

quently, “professional competence” is subdivided in “knowledge” and “skill”, while “personal competence” is 

subdivided in “social competence” and “autonomy” (German Qualifications Framework Working Group, 2013). 

 

Table 1: Glossary of Job-Know Ontology (Part I)

The Job-KSC class includes all Job-KSCs, which enable jobholder to perform the assigned tasks and ultimately 

do the job. The property of requires() relates the Task class to the Job-KSC class (Khobreh et al., 2016). The 

individuals/instances of the Job-KSC class are know-what (Knowledge), know-how (Skill) and know-why (Com-

petence). To identify the dependency of a task to a Job-KSC, a demand degree (DD) is defined. DD is divided into 

four degrees as follows: 

 Strong dependency (value 3), which defines as the sub-property of requiresStrongly() and identifies the task 

requires strongly the Job-KSC to be competently performed, 

Term Definition Source

Job

A set of tasks and duties defined by the employer(s) and performed, 
or meant to be performed, by employee(s). The job is defined by job 
description including tasks, specified and elaborated by job specification, 
including KSCs.

(International Labour Office, 2012)

Task

A task is described by the job description as a statement, which should 
reply to three main categories of questions i) Do what? ii) To what? and 
iii) For what purpose?/With what?/ To whom?/What type?. The type 
of answers to the above-mentioned questions are i) the action (i.e. the 
verb), ii) the noun and iii) the noun, respectively. The verb can be catego-
rized into the linear process (e.g. build) or a cyclic process (e.g. develop).

(Morgeson & Dierdorff, 2011),  
(Voskuijl, 2017), (Moore et al., 2012)

Knowledge
“Outcome of assimilation of information through learning. Knowledge is 
the body of facts, principles, theories, and practices related to a field of 
study or work”.

(European Parliament, 2008)

Skill
“Ability to apply knowledge and use know-how to complete tasks and 
solve problems”.

(European Parliament, 2008)

Competence
“Ability to use knowledge, skills, and personal, social, and/or metho-
dological abilities, in work or study situations and in professional and 
personal development”.

(European Parliament, 2008)
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 Moderate dependency (value 2), which defines as the sub-property of requiresModerately() and identifies the 

task requires moderately the Job-KSC to be competently performed,

 Weak dependency (value 1), which defines as the sub-property of requiresBasically() and identifies the task 

requires weakly the Job-KSC to be competently performed, and 

 No dependency (value 0), which defines as the sub-property of requiresNot() and identifies the task does not 

require the Job-KSC.

Table 2 shows the classes and properties of the WoW domain.

 

Table 2: Classes and Properties of WoW Domain

 
3.3 WORLD OF EDUCATION  SUPPLY SPACE
WoE is the encapsulation of learning items learned by learners to obtain learning outcomes within and/or at the 

end of the learning process. Focusing on intelligentization of manufacturing enterprises, two groups of learners  

should be considered human and machine. Human learning is a conventional process, while learning by  

machines and algorithms has been separately studied, known as machine learning (Ansari, Erol & Sihn, 2018).  

Considering a machine learning profile, three instances can be defines: i) Static Profile: Machine is preprogram-

med and no further learning is possible (Conventional Machines), ii) Dynamic Profile with certain learning capa-

city: Machine is learnable with limited computational and storage capacity (Smart Machines), iii) Dynamic Profile 

with unlimited learning capacity: Machine is learnable alike human (Next generation of AI-enhanced Machines).  

Class Property Value Restriction 

WoW: Job WoW: describedBy WoW: JobDescription

WoW: JobDescription WoW: specifiedBy WoW: JobSpecification

WoW: Task
owl: subClassOf WoW: JobDescription

WoW: requires WoW: Job-KSC

WoW: JobSpecification

WoW: specifies WoW: JobDescription

owl: inverseOf WoW: specifiedBy

WoW: consistsOf WoW: Job-KSC

WoW: Job-KSC

WoC: matchesWith WoC: Knowledge

WoC: matchesWith WoC: Skill

WoC: matchesWith WoC: Competence

owl:TransitiveProperty WoW: matchesWith
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In the scope of this study, we mainly focus on smart and AI-enhanced machines; though today’s industry mainly 

deploy conventional and (semi-)smart machines. 

As defined in Table 3, the WoE domain consists of two dimensions of i) Learning Item and ii) Learning Outcome. 

The aim of learning an Item is to obtain a specific sort of KSCs, which are consolidated as learning outcomes. 

Sometimes obtaining a learning outcome completely occurs not only by learning one item but also various sort 

of learning items are needed to be learned. In other words, each learning item may qualify learners to obtain a 

sort of learning outcomes, and gradually to reach the required learning outcomes for the field at the end of the 

learning process. The Learning Item is divided into the lesson learned at educational institutions and experience 

gain by doing the tasks on the job. 

 

Table 3: Glossary of Job-Know Ontology (Part II)

 

The WoE ontology includes Learning, LearningItem, and LearningOutcome classes. The property of qualifies-

ToObtain() relates the LearningItem class to the LearningOutcome class (Khobreh et al., 2016). This super-pro-

perty is distinguished to four sub-properties valued by Supply Degree (SD) value. The SD is defined to identify 

how much one learning item i.e. as an individual/instance can potentially qualify learners to obtain one specific 

learning outcome. The SD is distinguished into four degrees as follows:

 Strong dependency (value 3), which defines the sub-property of qualifiesToObtain-Advance(), and identifies 

that the learning item qualifies ones to obtain the learning outcome in an advance level.

 Intermediate dependency (value 2), which defines the sub-property of qualifiesToObtain-Intermediate(), and 

identifies that the learning item qualifies ones to obtain the learning outcome in a moderate level.

 Weak dependency (value 1), which defines the sub-property of qualifiesToObtain-Basic() and identifies that the 

learning item qualifies ones to obtain the learning outcome in a basic level.

 No dependency (value 0), which defines the sub-property of qualifiesToObtain-Not() and identifies that the 

learning item does not qualify ones to obtain the learning outcome.

Table 4 illustrates the classes and properties of WoE domain. 

Term Definition Source

Learning Item
The component of a qualification, consisting of a coherent set of knowled-
ge, skills, and competences called learning outcome that can be assessed 
and validated.

(Cedefop, 2008)

Learning Outcome
“What a learner knows, understands and is able to do on completion of 
a learning process”, which is defined in terms of knowledge, skills, and 
competence.

(European Commission, 2010)
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Table 4: Classes and Properties of WoE Domain

 
 
3.4 WORLD OF COMPETENCE  MATCHING SPACE
In WoW, the Job-KSCs demanded to perform a job are specified by the job specification. In WoE, the KSCs sup-

plied through learning are recognized as learning outcomes. In this way, the KSC is the melting point of WoW 

and WoE, which connects and depends on these two worlds together. WoC facilitates the process of analyzing 

whether or not supplied KSCs and required KSCs are in balance. 

The WoC is a space where the Job-KSC from WoW and Learning Outcome from WoE are matched with Knowled-

ge, Skill, and Competences and provide an opportunity to infer how much the supplied KSC meets the require-

ment. As depicted in Table 5, WoC mainly consists of three classes of Knowledge, Skill, and Competence, which 

are related to the WoW and WoE via two properties of WoW: enablesToPerform() and WoE: qualifiedThrough().

 

Table 5: Classes and Properties of WoC Domain

Class Property Value Restriction 

WoE: LearningItem
owl: subClassOf WoE: Learning

WoE: qualifiesToObtain WoE: LearningOutcome

WoE: LearningOutcome

owl: subClassOf WoE: Learning

WoC: matchesWith WoC: Knowledge

WoC: matchesWith WoC: Skill

WoC: matchesWith WoC: Competence

WoE: qualifiedThrough WoE: LearningItem

Class Property Value Restriction 

WoC: Knowledge

WoW: enablesToPerform WoW: Task

WoE: qualifiedThrough WoE: LearningItem

WoC: matchesWith WoW: Job-KSC

WoC: matchesWith WoE: LearningOutcome

WoC: Skill

WoW: enablesToPerform WoW: Task

WoE: qualifiedThrough WoE: LearningItem

WoC: matchesWith WoW: Job-KSC

WoC: matchesWith WoE: LearningOutcome
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Class Property Value Restriction 

WoC: Competence

WoW: enablesToPerform WoW: Task

WoE: qualifiedThrough WoE: LearningItem

WoC: matchesWith WoW: Job-KSC

WoC: matchesWith WoE: LearningOutcome

 

The five classes of Gap, Shortage, Balance, Obsolete and Surplus states are inferred by applying the logical  

conjunction of WoW: requires() and WoE: qualifiesToObtain() as follows:

4 JOB KNOWLEDGE EXPERIENCE ENGINE AND RECOMMENDATION SYSTEM

As Figure 5 illustrates to tackle Gap and Shortage states, experiences are required. Therefore, (re)learning, 

reskilling and upskilling should occur. In contrast, responding to the Surplus and Obsolete states, the previously 

stored lessons learned should be unlearned and forgotten. The ideal state, which a human or machine workforce 

can flow there, is the Balance state. Workforces are gaining experiences by doing their tasks. LC shows the result 

of gaining experiences, reskilling/upskilling and increasing productivity. Right box illustrates Job-Know eXeN, 

which provides Learning Items and Learning Outcomes out of Experiences. The boxes in the middle are included 

in the bottom box, which represents WoW and WoE, the middle box shows KSC states and the top box shows, 

(re)learning, reskilling, upskilling, unlearning trajectory through gaining experience. Left box illustrates the Job-

Know RecoSys, which provides a recommendation to tackle KSC imbalance states.

 

 

Figure 5: Job-Know eXeN and Job-Know RecoSys
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The Job Knowledge Experience Engine (Job-Know eXeN) collects experiences gained through doing the tasks, 

provides learning items out of them and identifies the learning outcomes of the collected experiences. Thus,  

Job-Know eXeN provides lessons out of the collected experiences to tackle KSC imbalance problem. 

Moreover, the KSC states are the input of the Job Knowledge Recommendation System (Job-Know RecoSys), 

which anticipates workforce LC and ultimately productivity. Job-Know RecoSys provides prescriptions including 

strategies and measures for workforces to improve their KSCs level by (re)learning, reskilling and upskilling 

based on appropriate learning items including the collected experiences. In addition, Job-Know RecoSys recom-

mends lessons to unlearn and forget the KSCs, which are surplus or obsolete. Job-Know eXeN and Job-Know 

RecoSys are two systems, which utilize the Job-Know ontology as their knowledge-base and reasoning engine. 

5 DISCUSSION AND CONCLUSION

While comparatively stable work tasks and thus long-lasting LCs characterize conventional manufacturing,  

frequently changing work tasks and labor division (job roles) dominate in manufacturing enterprise of the future, 

i.e. smart factories. As a result of the undergoing change in workplace; rapid trajectory of LCs linked to greater 

flexibility and higher agility of the workers is required. This increases the importance of initial and continual 

VET, on the one side, and on the other requires acquiring new/emerging KSCs to reduce reaction times and  

adaptation speed, and ultimately maintain or increase productivity. 

In addition, the scope of tasks to be mastered by the workers increases (Ionescu, Schlund & Schmidbauer, 2019). 

Changing work tasks lead to LCs starting new each time, with the advantage that the steeper initial phases of the 

LCs, where the learning effect is absolutely at its highest, can be used more frequently. On the one hand, “less 

learning opportunities with respect to routine processes exist for human operators” (Ionescu, Schlund & Schmid-

bauer, 2019). The better the training of the workers before starting work, the further down (at lower initial values 

for the required working time or the corresponding costs) the LC begins. On the other hand, the LC is expected 

to be flatter. This results in a trade-off between VET and learning by doing.

Conventional machines do not have a LC. Intelligent machines like cobots are data-driven and may provide data 

to generate LCs. If technological obsolescence or other reasons require a new machine investment, it must be 

possible to transfer the acquired know-how from the old to the new machine (i.e. machine to machine generation 

knowledge transfer). In this way, “forgetting” what happens when there is a change of personnel is prevented 

(Ansari, 2019).

The KSC states inferred by Job-Know ontology correlates with workforce’ LCs. When the inferred KSC is in an 

imbalance state, i.e. gap/shortage/surplus/obsolete then the LC stop and jobholder needs training/experien-

cing until the LC runs again and productivity increases. In so doing, eXeN collects experiences and provides 

learning items out of them and RecoSys analyzes the KSC states and anticipates LC and productivity, and recom-

mends learning items for further learning and training and tackling KSC imbalance states. In this way, the curve 

of learning is anticipatable.
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In future research, the authors will discuss the functions of eXeN and RecoSys in details and present how eXeN 

and RecoSys use Job-Know Ontology as their knowledge-base and also update it. 

The contribution of this approach in increasing learning effectiveness will be measured along with a certain job 

title, e.g. maintenance operator and engineer of today and future. Finally yet importantly, it should be verified to 

what extent increasing learning effectiveness will affect labor productivity under certain boundary conditions in 

a shared workplace. 
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