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Abstract—Current lifelong learning platforms offer users a 

query option to select a wide variety of courses. However, 

finding a suitable course among the seemingly endless catalogs 

of options presented by the platforms is not 

straightforward.  We argue that digital counseling can enhance 

this process. In this paper, we present a set of three formative 

studies where we explored the main aspects that can provide the 

counseling needed. The methods comprise an analysis of user 

profile characteristics and learning analytics indicators (e.g., 

learning progress/self-regulation) by means of an expert 

workshop, evaluating the feasibility of current technologies (e.g., 

natural language processing) for automatically assessing users' 

competencies, and a survey on the use of Chatbots as the 

interaction interface between the users and the lifelong learning 

portals. The analysis resulted in the extraction of basic 

requirements for digital counseling. We conclude the paper by 

presenting a system design derived from these studies. 

 
Index Terms—Learning analytics, indicators, dashboard, 

Chatbot, lifelong learning, natural language processing 

 

I. INTRODUCTION 

Lifelong learning is the continuous development of 

knowledge and skills, which happens throughout a lifetime [1, 

2]. It plays an essential role in improving societal and 

individual well-being [3] and increases the employability, 

adaptability, and mobility of educated professionals [4]. 

Moreover, it helps professionals, such as IT experts, in 

keeping up with important technological advances like new 

programming languages, which tend to appear faster in 

recent years [5, 6].  

In contrast to primary, secondary, and higher education, 

lifelong learning is currently a primarily decentralized 

process. To provide learners with an overview of learning 

opportunities, portals for lifelong learning courses [7–9] 

were established in Germany. However, finding suitable 

courses is not straightforward: Learners need to be aware of 

their competence level [10], translate their learning desires 

into keywords, and perform a respective selection of suitable 

courses. This process is usually accompanied and guided by 

counseling via trained personnel and hence is limited by the 

availability of these. 

We argue that the enhancement of lifelong learning portals 

with digital counseling can help to address the previously 

mentioned challenges. We propose three driving 

technologies for the implementation of this digital counseling 

that helps people to navigate toward their desired career path. 

First, we consider it important to have a user profile that 
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stores and visualizes the competencies of the users, 

where competency is the set of knowledge, cognitive abilities, 

skills, and dispositions of an individual in the context of a 

task [11, 12]. With the help of Learning Analytics (LA) 

techniques, this profile can show/visualize the users’ current 

and projected learning progress. LA refers to the collection, 

analysis, and reporting of learners’ data for understanding 

and improving learning [13]. It has been acknowledged that 

LA Dashboards (LADs) play a role in learners’ academic 

performance, understanding level, self-regulated learning, 

and academic motivation [14–16]. 

Second, for the competencies that are not explicitly stated 

or whose level is not well defined in the user profile, we 

contemplate the option of having a light assessment that can 

help users to find available courses suitable for their 

competency level and in turn update their profile. Finally, to 

provide digital counseling, we opt for the interaction between 

user and portal to be mediated by a Chatbot, as it has been 

shown that Chatbots have the potential to function as mentors 

in educational settings [17]. 

This paper presents several preliminary evaluations where 

we explored the suitability, feasibility, and design concepts 

for the use of the three aforementioned technologies in the 

development of a digital counseling solution for a lifelong 

learning portal. We guided our research through the 

following research questions:  

The main research question is: how can we support 

learners in finding suitable courses through digital 

counseling?  

To answer this overarching research question, we derived 

the three following ones that are linked to our proposed 

driving technologies to support digital counseling.  

Concerning the creation of user profiles for a lifelong 

learning platform, first, we want to know the important 

characteristics of the user profiles that lead to our first 

research question. 

 RQ1: What user-profile characteristics based on LA 

instruments can be used to help learners find more suitable 

courses? 

It is not feasible to manually create light assessments for 

all competencies and available courses. Hence we want to 

explore whether technological advancements can help 

automate this process leading to our second research 

question. 

RQ2: To what extent can we use Natural Language 

Processing (NLP) techniques to automatically extract 

questions for the light assessment? 

To build a Chatbot that supports digital counseling for 

lifelong learning, it is important to address some of its 

constraints and main features, thus leading to our third 

research question.  
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RQ3: What characteristics of Chatbots are relevant to 

providing learners with counseling regarding the course 

selection process? 

 

II. CURRENT SOLUTIONS 

There are several non-commercial, state-supported 

information portals where course providers can promote their 

training and users can search for lifelong learning courses. 

The main goal of lifelong learning portals is to provide easy 

access to information and knowledge to help users to find 

further educational courses. In this context, traditional 

German open lifelong learning portals (see Fig. 1) usually 

collect information about available learning materials 

(courses, seminars, etc.) from different providers and store 

them in a central database. The main feature of respective 

platforms is a meta-search engine, which offers courses for 

further education of any kind, whereas course providers may 

be commercial and non-commercial. Users can then query 

the database to search for courses based on filters such as 

topics, location, schedule, etc. In some cases, such as the 

state-supported IWWB portal (German ―InfoWeb 

Weiterbildung‖, in English ―InfoWeb Further Education‖), 

users have to select a suitable course out of over three million 

course offerings [7]. Other examples of further education 

portals are the portal provided by the state of Hesse, Germany, 

with more than 15 thousand course offerings [8], and the 

further education portal by the federal government of 

Germany, with more than 28 thousand course offerings [9]. 

All three examples are publicly available. We are currently 

not aware of comparable portals that are commonly used in 

other countries and regions. 

In contrast to these portals, there are several other 

commercial or semi-commercial, non-open platforms related 

to lifelong learning who offer the search for their own 

lifelong learning courses, for example: 

 Khan Academy [18]: a non-commercial online learning 

platform based in the United States that relies on the use 

of a search bar for users to find courses free of charge.  

 Coursera [19]: a commercial platform started in the 

United States, which offers university-level courses and 

certification programs that use categorized search and 

registration is required to find courses. 

 Iversity [20]: a commercial platform based in Berlin, 

Germany, that provides online courses and higher 

education lectures that rely on a search bar for users and 

categories to find learning materials. 

 Futurelearn [21]: another commercial online learning 

platform based in the United Kingdom that offers course 

categories and a search bar to find relevant courses. 

 Linkedin Learning [22]: formerly known as Lynda.com, 

is a commercial educational platform based in the United 

States. They use profile logs and Artificial Intelligence 

(AI) to recommend courses to get a dream job. Due to 

their commercial nature and the lack of respective 

research, the approach can neither be evaluated nor 

replicated. 

In-depth analyses and comparisons of MOOC platforms 

for lifelong learning are presented in [23–25]. The main 

difference is that the German lifelong learning portals are 

open (i.e., search without registration), supported by the 

government, and they combine different course providers 

and their offers. 

With such a huge amount of offerings, finding a suitable 

course that will support the further professional development 

of users is not straightforward. With the exception of a few 

cases that also provide basic course recommendations, most 

current platforms expect the user to hopefully find a suitable 

course in the ocean of available courses with the use of basic 

search functionalities. Therefore, we propose to enhance 

lifelong learning portals via digital counseling. 

 

 
Fig. 1. Lifelong learning platform system architecture. Users query the 

underlying database by formulating queries or following prestructured 

pages. 

 

III. METHOD 

To realize digital counseling, which can enhance a lifelong 

learning portal, the plan is to follow a design-based research 

methodology. This is an iterative process whose objective is 

to support the development of solutions and interventions to 

complex problems [26]. In this paper, we present the 

preliminary findings that will lead to the design and 

development of the prototypes that will be developed for the 

first iteration. 
For the investigation of basic requirements for the content 

and visualizations of the user profile mentioned in RQ1, we 

conducted a profile workshop with 15 experts in the field of 

technology-enhanced learning. Experts were divided into 

three groups of five persons each. They had 45 minutes to use 

their expertise in LA to design a dashboard that will allow the 

users to visualize their competencies so that it can support 

users in the search for suitable lifelong learning courses. To 

design such a dashboard, we asked the participants to use 

both Google Drawing [27] and Open Learning Analytics 

Indicator Repository (OpenLAIR) [28] for selecting relevant 

LA indicators. OpenLAIR is a LA tool that helps course 

designers, teachers, students, and educational researchers to 

make informed decisions about the selection of learning 

activities, LA indicators, and metrics or measurements for 

their course design or LA dashboard [28].  
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We then wanted to explore whether lifelong learning 

portals need to create an individualized user profile or if they 

could import generic user profiles. Therefore, in a second 

step, we analyzed the fields and metadata available at 

Europass [29], which is an online platform designed to create 

and share Curricula Vitae. We investigated to what extent an 

integration with such a platform can be used to create a user 

profile that helps with lifelong learning digital counseling 

considering the basic requirements of the user profiles 

extracted from the profile workshop. 
To examine the use of NLP techniques for the automatic 

extraction of light assessment, we evaluated the metadata of 

the course description of the available ―JavaScript‖ courses 

in IWWB [7] and in the following books [30–32] following 

the methods and scripts defined in [33], that leverage 

artificial jabbering for automatic text comprehension 

question generation. The restriction to programming 

languages has been made in advance to reduce the overall set 

of possible hits. 
To explore the relevant characteristics of Chatbots to 

provide lifelong learners with counseling regarding the 

course selection process, we also conducted an exploratory 

survey with 89 university students where we asked the 

following questions:  
1) Have you ever searched for further training online 

(seminar, course, etc.)? 
2) Do you already have some experience with Chatbots? 

Chatbots are applications that allow you to chat with a 

technical system (e.g., Siri, Amazon customer service). 
3) Assuming you could use a Chatbot to find a suitable 

course, which features would be important to you? 

4) What data are you willing to share with a Chatbot? 
5) Which courses should the Chatbot display to you? 

Besides the survey, we held a Chatbot workshop with the 

experts in technology-enhanced learning. As part of the 

workshop, we asked them to design the communication flow 

chart of users interacting with a Chatbot in three groups of 

five, whereby the aim of the Chatbot was to help users find 

suitable courses. Experts had 45 minutes to complete this 

task.  

 

IV. RESULTS 

RQ1: The designs of the three groups within the profile 

workshop pointed out the relevance of knowing the metrics 

or measurements that determine the different competency 

levels of a user. For example, the number of courses taken in 

a programming language (metrics) will help to determine the 

programming competency of the user (indicator) [34]. All 

three groups considered presenting these competencies as a 

spider chart. They argued that this indicator could help users 

to achieve the desired career path (see Fig. 2.). Two groups 

mentioned the relevance of showing in the dashboard 

visualization how taking the available courses would impact 

their current competency level. 

The mockup of the first group further proposed a weight 

balance scale visualization. This feature allows users to select 

courses from a list of available options that are aligned with 

their desired competencies. Once a course is selected, the 

scale then visualizes the impact that the selected course has in 

helping the user to achieve their desired competency level. 

This group also proposed to use a word cloud (also known as 

a tag cloud) visualization of the users’ skills, experience, and 

keywords that may help understand the level of a user. 

Furthermore, they proposed the use of a visualization, where 

it is possible to compare the current competencies of the user 

against the competencies from the desired career path of the 

user that could be extracted from job offerings. 

 

 

 
Fig. 2. Mock-up design of the first expert group. 
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We examined the metadata included in Europass to see to 

what extent such an open profile can help with digital 

counseling for lifelong learning. In the case of language 

learning, the Europass profile has excellent metadata because 

it includes the already established Common European 

Framework of Reference (A1 to C2) for each of the 

languages included in the users’ profiles. For all other 

competencies, most data fields are free text where users type 

the title of their job or the studies. Important information to 

determine the competencies of the user, such as the contents 

of the courses taken or job tasks, is missing. Therefore, in its 

current state, the data from Europass is not automatically 

processable and hence not very helpful in providing digital 

counseling in this regard. 

RQ2: To answer our RQ2 concerning the use of NLP, we 

automatically extracted questions for a potential light 

assessment, i.e., a rough estimation of the competency level. 

As a first step, we looked at the available ―JavaScript‖ 

courses in several databases and the respective information 

provided in the course description. This way, we identified 

1316 different offerings. We then analyzed the description of 

20 randomly selected course offers. On average, the course 

description was 279.45 words long with a standard deviation 

of 309.5. The course with the longest description had 1450 

words, and the one with the shortest description had 38. The 

examination of the descriptions revealed that 12 of them 

included logistics about the course offering e.g., number of 

sessions, schedule of the sessions, etc. Eight of them included 

information about the relevance of the course and the 

discussed technologies. Six of them provided theories about 

the technologies taught during the course. Five of them 

described the course via the forms of conducted exercises. 

Four of them comprised only keywords of the topics covered 

in the course. These fundamental results show how difficult it 

is to automatically extract questions that may help assess the 

level of users’ competencies. Without a supervised model, 

for example, it would be easy to get a vast number of 

questions asking for the contact email of the teacher 

providing the course or on which days of the week someone 

can learn about JavaScript. These questions, however, are 

unsuitable for the assessment of a user’s competencies. 

To look for further possibilities to automatically extract 

questions that can help to assess the competency level of 

users, we used the script and methods defined in [33] in the 

first chapter of the following books [30–32]. We extracted 71 

questions along with their corresponding answers (both of 

them in German, translated by the authors). Two examples of 

a question and answer pair are illustrated below: 

Example 1: 

Question: What are mnemonics?  

Answer: To simplify the effort of writing directly in 

machine language, so-called assembler languages appeared 

from the 1940s onward. Assembler languages represent 

machine code in a readable form. For the (manageably) 

numerous machine commands, short English-like commands 

(so-called mnemonics) were created, which can be translated 

into machine code with one-to-one correspondence. 

Example 2: 

Question: What are tags in HTML?  

Answer: Tags are symbols that mark the beginning and the 

end of an HTML element. 

Despite minor language errors, the question and answer 

pairs represent the contained concepts reasonably well. 

Therefore, this first exploration seems to be a promising 

approach that is worth further investigation and assessment in 

a greater scope. 

RQ3: To address the third research question concerning 

the use of Chatbots for lifelong learning counseling, we first 

developed an exploratory online survey comprising five 

questions. Most of the 89 respondents were university 

students. Not all participants replied to all questions. In the 

following, we will highlight the main results. 
 

 
Fig. 3. Assuming you could use a Chatbot to find a suitable course, which 

features would be important to you? (multiple choice question, n=89). 

 

Fig. 3 shows the results regarding the features of the 

Chatbot that are important to potential users. 76 of the 89 

participants (85%) opted for a goal-oriented conversation 

that should quickly yield a suitable course. In addition, 58 out 

of 89 participants (65%) selected that a Chatbot should be 

accessible at any time so that the users are not limited in terms 

of time. Another important criterion worth mentioning is that 

a Chatbot should be able to answer general questions about 

the recommended courses, such as the place, price, duration, 

and time of the course. This option was selected by 54 out of 

89 participants (60%). What is particularly striking is that 

few participants chose the appealing User Interface (15 of 89 

participants, 16%) or having an engaging/stirring 

conversation (12 of 89 participants, 13%) as criteria. 
 

 
Fig. 4. Which courses should the Chatbot display to you? (Single choice 

question, n=89). 
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The responses to the question ―Which courses should the 

Chatbot display to you?‖ are summarized in Fig. 4. Most 

participants (47 out of 89 participants, 53%) prefer to see a 

small selection of potentially relevant courses and then 

decide on a course. The answers also indicate that fewer 

participants are interested in courses that are rated high by 

others (22 out of 89 participants, 25%).  

Another aspect worth mentioning is that only 8 of the 89 

participants (9%) prefer to select courses offering certificates 

of attendance or successful completion.  The price of a course, 

however, does not seem to be an important selection criterion, 

as only one of the participants selected this option. In 

addition, none of the participants showed interest in the 

cheapest course. 

Fig. 5 shows the responses to the question regarding the 

data respondents are willing to share with a Chatbot. 73 out 

of 89 participants (82%) only want to share personal data that 

is relevant to the course search. The remaining 16 

participants (18%), however, are open to sharing their 

personal data for a better user experience. 

To dig deeper into the characteristics of a Chatbot 

providing counseling during lifelong learning course 

selection, we utilized the conducted Chatbot workshop with 

15 experts in the field of technology-enhanced learning. In 

groups of five, participants were asked to design a flowchart 

for a Chatbot that would help them find valuable courses for 

lifelong learning. As a result, all three groups developed a 

basic interaction flow with the Chatbot to help them find 

suitable courses based on their desires and competencies. 

Group one proposed a Chatbot for a system that has access 

to the user profile (e.g., educational background, skills), 

where the Chatbot is helping people in changing their job 

and/or improving or teaching new skills. The Chatbot 

analyzes the user profile data and depicts what the user is 

good at and what is missing. Then the Chatbot offers a 

selection of training/courses based on the user's interests and 

profile information. 
 

 
Fig. 5. What data are you willing to share with a Chatbot? (Single choice 

question, n=89). 

 

Group two suggested a Chatbot named ―Learning 

Companion‖. In this case, the Chatbot is supposed to help the 

user plan their learning, make suggestions based on their 

profile, and provide some effective support. 

Group three designed a Chatbot that asked the users a few 

questions regarding their non-cognitive skills and the 

technologies they know. After the user answers the questions, 

the Chatbot recommends a course and asks the user if the user 

is interested in the course or not. If this is not the case, the 

Chatbot shows another course until the user is interested in a 

course. After this section, the Chatbot lists all the similar 

courses. 

 

V. DISCUSSION 

To answer our first RQ, what user profile characteristics 

can be used in the context of LA instruments to help find 

suitable courses, our results show that profiles should reveal 

the user's competency levels. Another important attribute in 

the profiles is the desired career path of the user. By knowing 

the current competencies of the user and their desired career 

path, it is possible to offer visualizations showing how the 

user matches with their desired path. Moreover, it enables a 

system to suggest courses that can guide users toward their 

desired path. Experts in our study suggested providing these 

visualizations in the form of a spider chart, which in LA 

studies have been shown to support learners by illustrating 

their current learning progress and motivating them to learn 

and master new skills [16, 35]. 
When looking at available open options, such as Europass, 

to evaluate the utilization of user profiles, we concluded that 

the information in Europass only allows the inference of 

language-related competencies. Therefore, we do not 

consider Europass suitable for this purpose. Without 

additional information about the provided information within 

the CVs, a useful automatic application is not feasible. 

However, we think that having a digital platform is a good 

starting point to enable the collection of suitable information. 
An important aspect to provide counseling regarding the 

course selection process of lifelong learners is to identify 

their current competencies. We argue that one way to achieve 

this is through some type of competency assessment. 

Manually creating assessment questions for all possible 

course topics is not feasible. Accordingly, RQ2 concerns the 

automatic extraction of questions that can help with a light 

assessment of users' competencies. Results from our 

consultations show that automatically extracting useful 

questions from the course descriptions within the portals is 

not feasible, mainly because the information contained in 

these descriptions is highly heterogeneous and in many cases 

not related to the content or competencies targeted by the 

courses. However, we saw that, in the specific case of 

―JavaScript‖, it is possible to automatically extract good 

enough questions by using the content of textbooks about the 

topic. As a limitation, we need to explore to what extent the 

NLP techniques used can work for other course topics. 

Nonetheless, the obtained results are promising.  
To answer our third RQ, we investigated the relevant 

characteristics of Chatbots to provide counseling for learners 

during the course selection process. Our results from the 

online survey revealed that the Chatbot's conversation should 

be concise and quickly recommend a suitable course. The 

Chatbot should be intelligent enough to answer basic 

questions regarding the course, and it must be available 24/7. 

The user craves the usability of the Chatbot instead of the 

appealing user interface, which is a secondary preference. 

Our results further reveal that course prices seem less 

relevant, which is possibly due to the group of survey 

participants. However, a more in-depth survey is needed with 

a wide variety of participants (students, experts, researchers, 

and teachers) to validate the outcomes presented in this study. 
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As identified by our survey participants, a preselection of 

courses is essential. Nonetheless, more research is required 

on how to accomplish that. Even in Germany, people seem to 

be willing to share data that is relevant for a successful course 

search. A more in-depth investigation is needed to identify 

(data-saving) information for good search results. 
The Chatbot workshop with experts confirmed our 

intuition that Chatbots are a good tool to assess the 

competency level of users and hence serve in the counseling 

aspect of searching for lifelong learning courses. Moreover, 

they seem to be a suitable user interface to provide this 

counseling by helping people to find suitable courses. 
 

 
Fig. 6. The proposed structure extends the existing lifelong learning platform 

with digital counseling. 

 

By examining the answers to our research questions, we 

derive the following design for the development of a lifelong 

learning counseling system designed to enhance current 

Lifelong Learning platforms. Fig. 6 shows a sketch of our 

design. It includes a user profile that stores the competencies 

of the user and also enables users to select the desired career 

path. The profile can then visualize the strengths and 

weaknesses of the user and overlay a projection on how these 

important attributes of the user will change by taking 

different courses. The whole counseling process can be 

moderated through the use of a Chatbot. The Chatbot can dig 

deeper into the competency level of the user through the use 

of assessment questions that can be automatically extracted 

from textbooks via NLP. Finally, suitable courses can be 

recommended to users. 

 

VI. CONCLUSION 

This paper presents a crucial first step in the iterative 

design-based research process aimed at developing lifelong 

learning platforms that are enhanced through digital 

counseling. It describes a set of formative studies that first 

allowed us to extract basic requirements for our proposed 

digital counseling. Moreover, the studies allowed us to 

examine the feasibility of using current technologies to 

develop the proposed digital counseling. 

Based on the results from our studies, we consider that the 

implementation of the proposed design is feasible with 

current technologies. It will be an improvement to current 

lifelong learning platforms where users want to find suitable 

courses for them through the use of queries. The challenge is 

that in many cases users search for topics that they are not 

even familiar with and whose keywords they do not even 

know. We plan to implement the proposed structure by 

starting with the Chatbot as one of the key components, as the 

results indicate. Building upon this, additional evaluation and 

light assessments will be included. This will help lifelong 

learners to navigate the maze of lifelong learning course 

catalogs leading them to their desired career path. 
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