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ABSTRACT 

In the context of learning platforms for on-the-job training, we expect from an intelligent tutoring system (ITS) that it 

effectively brings learners to the learning program that suits their aspirations and ambitions and guides them through an 

individual course or even their entire course program. The better the ITS “understands” the learners’ goals, behavior, 

misconceptions, and errors, the better it can guide the learners along their learning journey, and the more effectively learners 

acquire their desired knowledge. Guidance usually includes observation of learners, evaluation of their behavior, which 

leads to the analysis and evaluation of their input, and eventually provides helpful and useful feedback to the learners.  

Digital learning platforms increasingly focus on self-paced or self-directed learning, which gives learners the freedom to 

learn whenever they want and at whatever learning pace that suits their personal learning preferences and attitudes. This 

trend fosters a shift away from predefined and rigidly wired sessions towards flexibly arranged learning nuggets and tests.  

There are different paradigms for the design of learner guidance or instructions in ITS. This paper draws attention to natural 

language (NL) as the prominent mean of communication between system and learners. The benefits of emphasizing natural 

language bring a number of benefits for guiding and instructing learners. The paper describes the architecture and design 

of an ITS in the context of a prototypical platform for self-paced learning and demonstrates the role and importance of 

natural language processing (NLP) as key technology for learner guidance and instruction. 
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1. INTRODUCTION 

Intelligent tutoring system (ITS) have the capability to support new learning experiences by providing 

customized leaning paths through the learning material and individualized feedback (Guo et al., 2021; 

Mousavinasab et al., 2018; Paladines and Ramirez, 2020). They convey “domain knowledge in a two-way, 

adaptive, and incremental manner” (Yang, 2010). We can expect that ITS foster active learning, that is, the 

learners have much more impact on the behavior of the digital learning platform. The acquisition of sustainable 

knowledge, however, is a goal of outstanding importance in digital learning platforms. Their attractiveness 

raises if they support the learners’ need for esteem and self-actualization as defined by Abraham Maslow 

(Maslow, 1943; Maslow 1962). This need may have many facets addressing many areas in the life of the 

learners, including advances in their professional life (Almotairi et al., 2019).  

Consequently, the focus on ITS may comprise the formation of learners over a larger period of time 

covering more than just one course. Much like the adaptation of a course to the individual aspirations, 

requirements and capacities of the learner the curriculum (or training) planning needs to be put in the same 

focus. On-the-job training in the industry requires this focus on ITS in order to identify training opportunities 

for the continuous development of the skills of employees. The goal of curriculum planning is to determine 

which digital courses or further learning resources suit the actual employee’s competence in combination with 

the skills and knowledge the learners aspire to achieve. Required skills and knowledge define the formation 

setting for the training. However, formation may vary among employees even if they have the same role in a 

company. The recommended training program, consequently, differs in the same way and evolves over time.  



In the past, digital learning platforms provided their content through more or less predefined sequences of 

sessions and quizzes. From a modern ITS we can expect more flexibility and adaptability to the learners’ 

individuality. Supporting self-paced learning as a leading paradigm provides well-known benefits to learning 

environments (Peterson, 1996). An ITS includes recommendation features (or a recommendation engine) 

pursuing the purpose to personalize the learner experience by suggesting learning items and steps that are most 

relevant and interesting to the individual learner journey. There are several types of recommendation features. 

In the context of learning platforms, we talk about suggestions of the next learning steps the learners should 

consider for their career and, later, their learning journeys.  

The design of recommendation features for learning environments shall promote reliability, flexibility, and 

adaptability. However, these features need to be coordinated, too, along the instructional strategy of the course 

of the training and need to react on the learners’ input. 

There is no doubt, that symbols can support a very efficient interaction between learners and learning 

systems. However, it can be beneficial to consider the inclusion of natural language in the interaction design 

(Cohen, 1992; Ledgard et al., 1980). First, NL as means of communication between the ITS and learners can 

bring several benefits for guiding and instructing learners. These include: 

• Immediate understandability: NL is an intuitive and natural form of communication for humans, 

making it easier for learners to understand the instructions and guidance provided by the ITS. 

• Increased attractiveness: Using NL may enable that learners experience their learning environment 

more natural, personal, conversational, and, thus, more comfortable and convenient. This raises the 

system’s attractiveness, which, in turn, increases learner motivation and engagement. 

• Responsiveness: Natural language can be used to provide guidance that is more flexible and adaptable 

when allowing learners to express questions, preferences, or requirements in their language. 

• Increased expressiveness: Metaphors and graphical interaction elements need to learned and not all 

interaction possibilities can be suitably expressed by graphical elements. Natural language steps in 

here to fill these communication gaps. 

• Increased analytics: Tracking learners and representing their progress and performance by NL allows 

for more accurate and actionable insights into their learning experience. 

This paper focuses also on the design of ITS that supports the individual layout of training programs for 

employees in the industry. Furthermore, it also fosters adaptive learner guidance and instruction in order to 

enable self-paced learning within a digital course. Completing a course does not compellingly and 

automatically lead to sustainable acquisition of knowledge, even when completed successfully. If newly 

acquired knowledge falls to oblivion too soon, the course failed to achieve its mission. The course shall 

encourage the learners to adopt the knowledge provided by the course and not just completing the course 

successfully. The goal shall be the self-contained learner’s adoption of the knowledge domain. The ITS as 

described here is part of the research project eduplex that aims to develop a more adaptive learning environment 

for on-the-job training in the industry.  

Based on these design principles, the second chapter outlines the architecture our ITS is acting upon and 

references to related work. Chapter 3 describes in more detail the recommendation features of our ITS. Chapter 

4 shifts the focus towards natural language as key ingredient in the design and implementation of our ITS.  

2. ARCHITECTURE AND RELATED WORK 

Recommendation features of an ITS as discussed in this paper prominently focus on two areas:  

1. The setting for coaching employees in the broader context of helping them to find and compose a 

suitable training program to satisfy their professional goals and aspirations in order to improve their 

skills and knowledge. 

2. Guidance of trainees within a particular course that supports self-paced learning. 

It is important to understand the layout of our digital courses in order to better understand the design and 

implementation of our ITS for self-paced learning. The architecture and design of the digital course is built 

upon a couple of key principles: 

• The entire content of a course is split up into a small number of chapters. 

• Each chapter comprises thematically related learning nuggets. 

• Learn controls are provided adjacent to each subset of learning nuggets. 



 

Figure 1. Example of the composition of a self-paced learning course (for Design Thinking) along chapters, learning 

nuggets, and learn controls 

The functionality of ITS can be achieved through the collaboration of a number of system components 

addressing learners, instruction, adaptive training, the domain knowledge, and the interaction (inclined to 

Yang, 2010). The prominent role of NL suggests the consideration of an explicit language model. 

The domain knowledge represents in a structured way knowledge and concepts within the business domain 

of the respective organization. It comprises all topics that are important in the training context of this 

organization. The annotation of the content related to this knowledge area is the first skeleton for the 

operationalization of NL for the purposes of learner guidance and instruction. The structure of annotation terms 

summarizes in an operational way the meaning of text in the knowledge base. 

The learner profile is an operational summary of learner characteristics, preferences, and needs. It is 

essential when it comes to adapt the learners’ journal according to their learning experience and progress. 

Adaptive instructions reflect the specific needs and abilities of the learners. A learner profile can include 

information such as: 

• Prior knowledge and experience: what the learner already know and what they need or want to learn. 

• Learning pace and results from the learn controls: what the learner has learned and in which time. 

• Learning paths: the individual sequences of the course sections and quizzes visited along the learner 

journey. 

• Statements reflecting further aspects of the individual learner journeys. 

It is the learner profile that helps trainers and course designers to create more adaptive and engaging 

learning experiences by putting more emphasis on the unique characteristics and needs of each learner.  



The adaptive training model is the overarching model reflecting the learners’ formation over a larger period 

of time and over a range of courses. (Nkambou & Kabanza, 2001) It depicts, for example, the learner journey 

towards a new job or specialization within the existing job. The implement of adaptive training models can be 

considered as a meta model orchestrating the individual formation of an employee. It may reference digital 

courses, static learning material, class room events, or even individual appointments with a trainer. Usually, 

the model's parameters are updated in accordance with the learner’s progress or new available learning 

resources. The adaptiveness of the training model emerges from the fact that the initial situation of the 

formation is not completely known at the beginning of the training. 

Figure 2. Architecture schema of an intelligent tutoring system (inclined to Yang, 2010) 

The instruction model outlines patterns of learner guidance in order to successfully complete a course and 

to sustainably acquire knowledge. The instruction model describes the learning steps and the content of the 

learn controls including evaluation algorithms that express the learners’ level of progress. Instruction models 

contain many references from learning nuggets to questions as part of the learning control. These references 

help, to provide proper feedback to the learners that help them understand their errors and misconceptions 

(Benbunan-Fich, 2002). In summary, the instruction model describes how learning nuggets are interconnected 

and how they are related to the learning controls. It also defines the reporting of the learner’s achievements 

that are recorded in the learner’s profile. 

The interaction model defines the way in which the learning system with the learners. This includes the 

way it responds to inputs, actions, and the way it communicates. In the context of our ITS we apply a  

rule-based system that enables or disables navigation and interaction possibilities. They also include natural 

language processing and dialogue management for the interactions with the learners. Therefore, the language 

model is an integral part of the interaction model that supports the analysis of natural language instructions and 

learner statements in order to generate or trigger adequate actions of the learning system. The language model 

maintains the semantic context the recommendation features of the ITS are acting upon. 



3. RECOMMENDATION IN THE CONTEXT OF ON-THE-JOB TRAINING 

Recommendation for the professional or personal development on the job has a clear focus on the formation 

of employees in a certain work context. Recommendations shall answer the question “What to do next?”. On 

the formation level, these recommendations emerge from the employee’s goals and career aspirations. From 

this goal horizon, more specific goals can be derived that reflect development and improvement of skills, 

competences, and job-related knowledge. Usually with a person from the human resources department or 

functional management (or a training coach) the employee (or trainee) discusses her or his strengths and areas 

for improvement. Coaching an employee typically addresses specific areas of expertise, such as management, 

sales, production, technical skills, or soft skills like efficient and effective communication, emotional 

intelligence, leadership and the like. It may work in a variety of settings, including businesses, government 

agencies, and educational institutions. 

Figure 3. Schema for recommendation in the context of professional and personal formation 

Formation-related recommendation comprise suggestions or endorsements considering the competences, 

skills and knowledge of the employees and the goals of their further development. Additionally, it would be 

beneficial if the recommendation also includes the expectations on the trainee's progress and how the acquired 

knowledge will form their job and career. An individual's career aspirations and goals greatly impact the types 

of training programs they need to choose to participate in. By understanding career aspirations and goals of 

their employees, organizations can tailor their training programs to better align with the needs and goals of 

their workforce. This ensures that the recommended training program are meeting the needs of the employees 

and are helping them to progress towards their career aspirations and professional goals. Recommendation on 

the formation level addresses the selection of the training resources (or courses) that help the employee to 

achieve personal and professional goals and career aspirations. It is important that the goals of the individual 

parts of the training program sum up to the overall goals as defined on the meta level. With this selection of 

training resources, the overall formation goal is broken down into more detailed goals reflecting the 

expectations connected with the training program. 

Recommendations on the course level address the trainee's performance during the training period. They 

are used to assess the trainees’ progress at the individual stages of each course and their readiness for further 

stages within the same course or advancement to the next consecutive course.  

In a self-paced learning course, the automatic recommendations provided by the ITS are based on the 

following data: 

• Points achieved as result from the learn control 

• Time spent on studying a single learning nugget, subset of nuggets, or chapter 

• Learning nuggets as marked by the trainees, because they are of special interest for them 

• Notes left on the page of a learning nugget 

 

 

 



From this information the ITS generates recommendations for the next step of the trainee, such as  

• repeat one or more learn controls 

• repeat one or more learning nuggets 

• repeat an entire chapter and re-taking the associate learn controls 

• proceed to the next chapter/learning nugget 

It is important to note that the recommendation also consider the time elapsed between studying the 

different chapters of a course in order to take into account the fact, the humans can forget what they have 

learned. There are, thus, reminders that automatically appear after a certain number of weeks or months has 

been passed. The time span depends also on the results the trainee has achieved in the respective learn control 

of the chapter or learning nugget. 

4. THE SPECIFIC ROLE OF NATURAL LANGUAGE 

4.1 Matching Learning Resources with Learning Goals 

There are some very prominent application areas for Natural language processing (NLP) in the context of the 

ITS as described in this paper. When coaching employees to find the best set of training program for their 

professional goals and aspirations, NLP helps to analyze and highlight the trainees’ actual skills, competences, 

and knowledge and the ones they want to achieve through the training program. Learner profiles result from 

this NLP-based analytic step. NLP has a prominent position in this process, because required information is 

mostly contained in job descriptions, curricula vitae, and personal statements that sketch the aspired 

competence, knowledge or skills. This future perspective on the individual formation can also be achieved 

from job or skill descriptions. NLP identifies and extracts from the descriptions the essential information that 

summarizes the actual and future stage in the formation of the employee. This information constitutes the 

profile of the employee in the context of her or his training. In the end, it reflects the objectives of the training. 

Courses, course chapters, and learning nuggets are part of the knowledge base among other learning 

resources. We can assume that each learning resource comes with a brief description summarizing its content 

and learning objectives. Applying NLP on these items extracts the essential information here, too. By matching 

the essential information on the learner’s side and on the course’s side NLP can identify all courses that are 

useful concerning the training goals for the employee. 

4.2 Supporting the Interaction for Self-Paced Learning 

It is important to note that many systems supporting self-paced learning do not really support NL input, in 

particular, when it comes to the design of learn control features. Because of their limited text analysis features, 

they support mostly single choice questions, multiple choice questions or similarly schematic question types 

that bypass types that enable free-text answers in natural language. For a more ambitious design of a learn 

control environment the eduplex project considered it important to provide learn control questions that require 

free text input. In this setting, NLP helps to identify the meaning of the correct answer and of the trainee’s 

answer. The comparison of the two respective statements and, thus, the correct evaluation of the trainee’s 

answer can only be achieved through a series of NL processes such as automatic correction of misspellings and 

estimating to what extend the learner’s statement lies within the meaning of the correct answer. 

In the same way, NLP identifies and extracts essential information from learning nuggets and learn controls 

as well as statements the learners left with a nugget or learn control. These statements can have the form of 

reminders (“Check this section again in a week”), questions (“How shall I compute the entries in the risk 

matrix?”) or the like.  

NLP helps to annotate all learning nuggets, learn control, and trainee statements with standardized terms. 

In the next step, NLP can relate these annotations forming a semantic net over these learning components and 

comments. This, in turn, is the source for the automatic and dynamic identification of navigation paths or to 

recommend the trainee what to do next. 



4.3 Standardized Annotation 

We use a variety of natural language processing (NLP) techniques to analyze all kind of textual information in 

the context of our ITS. This includes machine-learning based text analysis with a particular emphasis on named 

entity recognition. In our approach, we develop annotation features using domain-specific BERT transformers 

(Devlin et al., 2019) modelled on the European Skills, Competences and Occupations classification (ESCO) 

system. The models help to produce standardized semantic networks for each profile type (learner, knowledge, 

learning resource). Recursive text summarization produces hierarchically structured annotation sets from the 

descriptions that we link with the semantic networks. It is important to note that named-entity recognition 

(NER) is applied in this process to improve the expressiveness of the semantic profiles (Fort et al., 2009). They 

complete the definition of the ontologies that represent the different profiles (Hernandez, 2005). NER is useful 

when it comes to identifying time-related or quantity-related characteristics in job descriptions, such as the 

number of years a person practices in a particular field, for instance. The same holds for trainee statements like 

“I want to come back in one week”. Beside NER, we also apply n-gram identification in order to increase the 

precision of our NLP features. The larger the value of n, the more context is taken into account, but also the 

sparser the data becomes. For our analysis features we restrict to 2-, 3- and 4-grams. By using all of these 

techniques together, we improve the accuracy and efficiency of our annotation tasks. 

The use of a standardized vocabulary increases the correctness of the matching processes, in particular 

when it comes to compare the meaning in the annotations to be matched. For this purpose, we first expand all 

terms in both annotations by their synonyms. Before expansion, however, we restrict the set synonym terms to 

those terms that are part of the respective knowledge domain. If the course addresses Agile Computing, for 

instance, we take the vocabulary of the entire learning material of this course as controlled vocabulary where 

the synonyms for the text analysis are recruited from. 

These techniques mentioned here can be used to extract insights from learner data and to describe the 

learners’ movements along their journey. Once the data has been analyzed, results are going to be interpreted 

and draw conclusions about the learner's journey. This can include things such as identifying areas where 

learners struggled, determining which stages of the journey were successful, and understanding the overall 

their performance throughout the journey. The semantic network enables the learning platform to perform or 

propose actions suitable for the learners’ journey. 

In summary, in our ITS, the learner journey (including all the related profiles) is predominantly expressed 

in NL. The semantics of each stage of the journey, that is, of the learning nuggets and learn controls are mainly 

expressed in NL. They show:  

1. Key stages and milestones that the learner will go through. These stages include studying learning 

nuggets, progress tracking, and learn control results. 

2. Representations on the learner's interactions and statements.  

3. The learner’s competence and knowledge and the objectives the learner aspires to achieve. 

5. CONCLUSION 

The paper prominently describes the role of NLP in the design of analytical features for ITS. First, NLP first 

supports the adequate matching of employees with learning opportunities that meet their aspirations and career 

goals. NLP is probably the only instrument to produce digital profiles of the competences, skills, and 

knowledge of employees on a broad scale. Almost all information on these qualities is available in texts only. 

The same holds for all kind of learning resources that are usually described in texts, too. With the presentation 

of the employees’ professionals in textual form, all three types of key sources of information for our ITS are 

candidates for NLP. Machine-learning tools like BERT are powerful instruments for the annotation of texts. 

However, our research shows, that for the proper annotation of text related to occupations and training the 

integration of features handling named entities and n-grams are indispensable. The use of nomenclatures like 

ESCO are also useful. However, their items cannot cover the details of the texts. Too many information is not 

addressed by ESCO. That, in turn, requires the application of automatic summarization techniques on the texts 

and the proper linking of the hierarchical structure of the summaries with ESCO.  

 



The support of NL also significantly enriches the interaction in our prototypical course system for  

self-paced learning. Even though we haven’t conducted yet a comprehensive evaluation of our platform for 

self-paced learning, from the feedback of our first users we can assume that our approach and, in particular, 

the natural language interaction will be appreciated. 

Beside a profound evaluation of our approach, we will also extend the automatic production of references 

between learning nuggets. NLP can construct a coherent semantic network across learning nuggets and related 

learn controls. The expansion of this network towards learning entities that are part of other courses, for 

instance, appears appealing. It gives the learners the possibility to easily explore into knowledge areas akin to 

the one of the courses at hand but reaching beyond its content limits. 
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