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Abstract. Mind-maps have been widely neglected by the information retrieval 

(IR) community. However, there are an estimated two million active mind-map 

users, who create 5 million mind-maps every year, of which a total of 300,000 

is publicly available. We believe this to be a rich source for information retriev-

al applications, and present eight ideas on how mind-maps could be utilized by 

them. For instance, mind-maps could be utilized to generate user models for 

recommender systems or expert search, or to calculate relatedness of web-pages 

that are linked in mind-maps. We evaluated the feasibility of the eight ideas, 

based on estimates of the number of available mind-maps, an analysis of the 

content of mind-maps, and an evaluation of the users’ acceptance of the ideas. 

We concluded that user modelling is the most promising application with re-

spect to mind-maps. A user modelling prototype – a recommender system for 

the users of our mind-mapping software Docear – was implemented, and evalu-

ated. Depending on the applied user modelling approaches, the effectiveness, 

i.e. click-through rate on recommendations, varied between 0.28% and 6.24%. 

This indicates that mind-map based user modelling is promising, but not trivial, 

and that further research is required to increase effectiveness. 
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1 Introduction  

Information retrieval (IR) applications utilize many items beyond the items’ original 

purpose. For instance, emails are intended as a means of communication, but Google 

utilizes them for generating user profiles and displaying personalized advertisement 

[1]; social tags can help to organize private web-page collections, but search engines 

utilize them for indexing websites [2]; research articles are meant to publish research 

results, but they, or more precisely their references, are utilized to analyze the impact 

of researchers and institutions [3]. 

We propose that mind-maps are an equally valuable source for information retriev-

al as are social tags, emails, research articles, etc. Consequently, our research objec-

tive was to identify, how mind-maps could be used to empower IR applications. To 
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achieve our objective, we 1) analyzed the extent to which mind-mapping is used, to 

decide if mind-map based IR is a field worth researching, 2) brainstormed how mind-

maps might be utilized by IR applications, 3) analyzed the feasibility of the ideas, and 

4) implemented a prototype of the most promising idea, which – to anticipate the 

result – is a recommender system that creates user models based on mind-maps. All 

estimates in this paper are based on data collected from our own mind-mapping soft-

ware Docear [4, 5], Google Trends and the mind-mapping tools’ websites. 

 

 
Figure 1: Mind-map example (draft of this paper) 

We hope to stimulate a discussion with this paper that encourages IR and user model-

ling researchers to further analyze the potential of mind-maps. We believe that re-

searchers will find this new research field rewarding, and the results will enable de-

velopers of mind-mapping tools to devise novel services for their millions of users.  

2 Related Work 

Mind-maps are typically used to develop ideas and organize information. As such 

they are often used for tasks including brainstorming, project management and docu-

ment drafting. Figure 1 shows an example of a mind-map, created with our mind-

mapping software Docear (http://docear.org) [5]. We created the mind-map to repre-

sent a draft of this paper. The root node represents the title of this paper. From the 

root node, child nodes branch to represent each chapter, additional child nodes branch 

off for each paragraph, sentence and reference. We also added a list of relevant con-

ferences, to which we planned to submit the paper. Red arrows indicate a link to a 

website. A PDF icon indicates a link to a PDF file on the hard drive. A “circle” on a 

node indicates that the node has child nodes that are currently hidden. 

There has been plenty of research showing the effectiveness of mind-mapping as a 

learning tool [6]; creating mind-maps automatically from full-text streams [7]; and 

evaluating whether paper-based or electronic mind-mapping is more effective [8]. To 

the best of our knowledge, mind-maps have not been researched with regard to infor-
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mation retrieval or user modelling. However, there are two types of information re-

trieval applications, which utilized mind-maps in practice.  

The first type of application is a search engine for mind-maps. Several mind-

mapping tools, for instance XMind and MindMeister, allow their users to publish their 

mind-maps in so called “mind-map galleries”. These galleries are similar to photo 

galleries. They show thumbnails of mind-maps that users uploaded to the gallery. 

Visitors of the galleries may search for mind-maps containing certain keywords, and 

download the corresponding mind-maps. According to MindMeister, around 10% of 

mind-maps being created by their users are published in the galleries1. The other 

mind-maps remain private.  

 

 
Figure 2: Personalized advertisement in MindMeister 

The second type of application is a user modelling system. Only two companies – 

MindMeister and Mindomo – implemented such a system to generate user models and 

display personalized advertisement. MindMeister extracted the terms of the node that 

a user last edited or created – typically, a node contains two or three terms [9]. These 

terms were sent to Amazon’s Web Service as search query. Amazon returned book 

recommendations matching the search query, which MindMeister displayed in a win-

dow besides the mind-map (Figure 2). Mindomo had a similar concept, only that 

Google AdSense instead of Amazon was used. Meanwhile, both companies aban-

doned personalized advertisement, though they still offer and actively maintain their 

mind-mapping tools. In an email, Mindomo said that “people were not really interest-

ed” in the advertisement2.  

3 Popularity of Mind-Mapping and Mind-Mapping Tools 

Some reviewers of previous papers were skeptical whether there is enough interest in 

mind-mapping to justify the effort for researching the potential of IR applications 

utilizing mind-maps. We believe this skepticism to be unfounded, because, as shown 

in the next paragraphs, there is a significant number of mind-mapping tools and users 

who could benefit from the research.  

The popularity of mind-mapping, based on search volume, is similar to the popu-

larity of e.g. note taking, file management, or crowdsourcing, and significantly higher 

than for reference management, user modelling, recommender systems, or infor-

                                                           
1 Email from MindMeister’s CEO Michael Hollauf, June 28, 2011. Permission for publication was granted. 
2 Email by Daniel Sima of the Mindomo team, October 3, 2011. Permission for publication was granted. 



mation retrieval (Figure 3). The website Mind-Mapping.org lists 142 mind-mapping 

tools being actively maintained, although some tools offer mind-mapping only as 

secondary feature in addition to other visualization techniques, such as concept maps 

or Gantt charts. When discontinued tools are included in the count, there are 207 

tools. Of the ‘pure’ mind-mapping tools, i.e. those that focus on mind-mapping func-

tionality, XMind is the most popular tool, based on search volume (25%) (Figure 4)3. 

Other popular tools are FreeMind (23%), MindManager (13%), and MindMeister 

(8%). The search volume for XMind is in the same league as search volume for the 

Dropbox alternative ownCloud, the reference manager Zotero, or the Blog 

TechCrunch, and the volume is significantly higher than for academic conferences 

such as UMAP, SIGIR, or RecSys (Figure 5).  
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Figure 3: Search volume for “Mind-Mapping” and other selected search terms 
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Figure 4: Search volume for mind-mapping tools 

According to the tools’ websites, XMind has more than 1 million users, Bubbl.us more 

than 1.5 million, MindManager more than 2 million, and MindMeister more than 2.5 

million users. In sum, this makes 7 Million users for four tools that accumulate 52% 

of the search volume (Figure 4). Interpolating from the search volume, we can esti-

mate that the remaining tools (48% of the search volume) must have around 6.5 mil-

lion users. This results in a total of around 13.5 million mind-map users. To us, it 

seems likely that these numbers also include inactive users. For our own mind-

mapping software Docear, 10 to 20% of the users who registered in the past years, are 

                                                           
3 All numbers relating to search volume are based on Google Trends http://www.google.com/trends/. 

Search volume is calculated relatively by Google, as such there are no numbers to display on the y-axis. 
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active, i.e. they started Docear in the past month. Based on this information, we may 

estimate the numbers of active mind-map users to be between 1.35 and 2.7 million.  

The claimed user counts do not always correlate with the search volume. For in-

stance, MindMeister accumulates less than 8% of the search volume, and claims 2.5 

million users. In contrast, XMind accumulates 25% of the search volume, but reports 

only around 1 million users. We assume that these differences result from different 

registration and usage concepts. MindMeister is a web-based tool that requires every-

one to register. XMind is a desktop software that can also be used without registra-

tion. As such, our estimate remains a rough guess. However, another estimate leads to 

a similar result. The open source mind-mapping software FreeMind was downloaded 

1.4 million times in the past 12 month (we considered only downloads of the latest 

stable release)4. Assuming, that the number of active users is around 1/3 of users who 

downloaded the software in the past year, leads to the estimate that FreeMind has 

around 450,000 active users. Interpolating from the search volume (22.58%), leads to 

an estimate of 2 million active mind-map users. 
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Figure 5: Search volume for "XMind" and other selected search terms 

We believe that these numbers indicate a substantial interest in the topic of mind-

mapping, and the active user base justifies the effort to research the potential of utiliz-

ing mind-maps for IR applications.  

4 Ideas for Mind-Map based IR Applications 

To develop ideas, how IR applications could utilize mind-maps, we conducted a 

brainstorming session with a group of five experts from the fields of mind-mapping 

(two experts) and information retrieval (three experts). Before the session was con-

ducted, the information retrieval experts were given an introduction to mind-mapping 

and the mind-mapping experts were given an introduction on how information re-

trieval is applied to emails, social tags, etc. The following eight ideas evolved from 

the brainstorming (for more details, refer to [10]).  

Search Engines for Mind-Maps: Mind-maps contain information that probably is 

not only relevant for the given authors of a mind-map, but also for others. Therefore, 

                                                           
4 http://sourceforge.net/projects/freemind/files/stats/timeline 



a search engine for mind-maps might be an interesting application. As described in 

the “Related Work” section, such systems already exist.  

User Modelling: Analog to analyzing users’ authored research papers, emails, etc., 

user modelling systems could analyze mind-maps to identify users’ information needs 

and expertise. User models could be used, for instance, for personalized advertise-

ments, or by recommender systems, or expert search systems. For instance, when 

employees create mind-maps, we would assume that the mind-maps would be suitable 

to infer the employees’ expertise. This information could be used by an expert search 

system. As described in the “Related Work” section, Mindomo and MindMeister im-

plemented user modelling systems, but Mindomo reported that users were not inter-

ested in the results. Hence, they removed the system from their mind-mapping appli-

cation. Apparently, user modelling based on mind-maps is not trivial and does not 

always lead to satisfying results.  

Document Indexing / Anchor Text Analysis: Mind-maps could be seen as neighbor-

ing documents to those documents being linked in the mind-maps, and anchor text 

analysis could be applied to index the linked documents with the terms occurring in 

the mind-maps. Such information could be valuable, e.g., for classic search engines. 

Document Relatedness: When mind-maps contain links to web pages or other doc-

uments, these links could be used to determine relatedness of the linked web pages or 

documents. For instance, with citation proximity analysis [11], documents would be 

assumed to be related that are linked in close proximity, e.g. in the same sentence. 

Such calculations could be relevant for search engines and recommender systems. 

Document Summarization: Mind-maps could be utilized to complement document 

summarization. If a mind-map contains a link to a web-page, the node’s text, and 

maybe the text of parent nodes, could be interpreted as a summary for the linked web 

page. Such summaries could be displayed by search engines on their result pages.  

Impact Analysis: Mind-maps could be utilized to analyze the impact of the docu-

ments linked within the mind-map, similar to PageRank or citation based similarity 

metrics. This information could be used by search engines to rank, e.g., web pages, or 

by institutions to evaluate the impact of researchers and journals.  

Trend Analysis: Trend analysis is important for marketing and customer relation-

ship management, but also in other disciplines [12]. Such analyses could be done 

based on mind-maps. For instance, analyzing mind-maps that stand for drafts of aca-

demic papers would allow estimating citation counts for the referenced papers. It 

would also predict in which field new papers can be expected.  

Semantic Analysis: A mind-map is a tree and nodes are in hierarchical order. As 

such, the nodes and their terms are in direct relationship to each other. These relation-

ships could be used, for instance, by search engines to identify synonyms, or by rec-

ommender systems to recommend alternative search terms or social tags.  

5 Feasibility 

We evaluated the ideas’ feasibility in three steps. First, we estimated whether there 

are enough mind-maps and mind-map users available to realize the ideas. Second, we 

analyzed whether the content of mind-maps is suitable for realizing the ideas. Finally, 

we gauged whether users are accepting the ideas.  



5.1 Number of Mind-Map Users and (Public) Mind-Maps 

Most of the ideas hinge on the availability of a large number of mind-maps. It is also 

important to distinguish between public and private mind-maps. If many mind-maps 

were available publicly, the ideas could be realized by anyone. If mind-maps were 

private, i.e. only available to the developers of the mind-mapping tools, only these 

developers could realize the ideas. 

2010 2011 2012 2013 2014

Public Mind-Maps 67,167 88,624 119,778 195,087 303,084

MindMeister 23% 29% 36% 46% 50%

Mindomo 28% 24% 21% 23% 20%

XMind 37% 37% 35% 23% 16%

Mindjet 0% 0% 1% 4% 10%

Others 12% 10% 7% 5% 4%
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Figure 6: Public mind-maps 

There are more than 300,000 mind-maps in public galleries, 50% of them in the gal-

lery of MindMeister, 20% in the gallery of Mindomo, and 16% in the gallery of 

XMind (Figure 6)5. Over the years, the number of public mind-maps increased from 

67,167 in 2010 to 303,084 in 2014. Given, that MindMeister’s users published around 

62,000 mind-maps between 2013 and 2014, we estimate that MindMeister’s users 

created approximately 620,000 mind-maps during that period, since around 10% of 

mind-maps being created are also published1. Interpolating these numbers with the 

search volume (Figure 4), we can estimate that overall 4.6 million mind-maps were 

created between 2013 and 2014. Another estimate confirms this number: Mind-map 

users create between 2 and 3 mind-maps per year on average [9]. A calculation with 

2.5 mind-maps per year, and 2 million mind-map users, leads to an estimate of 5 mil-

lion mind-maps created per year. Considering that mind-mapping tools have been 

used for many years, a few dozens of millions mind-maps must exist on the comput-

ers of mind-map users.  

5.2 Content of Mind-Maps 

We recently analyzed the content of 19,379 mind-maps, created by 11,179 MindMeis-

ter and Docear users [9]. On average, mind-maps contained a few dozens of nodes, 

each with two to three words on average. Some mind-maps even contained a few 

thousand nodes, with some nodes containing more than a hundred words. This 

amount of nodes, and words, is comparable to the number of words in emails or web 

                                                           
5 Over the past four years, we retrieved the numbers of mind-maps each year directly from the web-pages 

of the galleries. 



pages. Since emails and web pages are successfully utilized by information retrieval 

applications, the content of mind-maps might be suitable for those ideas that depend 

on the existence of terms. However, the number of links in mind-maps is low. Almost 

two thirds of the mind-maps did not contain any links to files, such as academic arti-

cles or other documents (63.88%), and most of the mind-maps that did contain links, 

contained only few of them. Links to web-pages were not available in 92.37% of 

Docear’s mind-maps and 75.27% of MindMeister’s mind-maps. Consequently, those 

ideas based on link-analysis seem less attractive.  

5.3 User Acceptance  

We evaluated the user acceptance of the eight ideas with our mind-mapping software 

SciPlore MindMapping [13]. 4,332 users were shown at first start a settings dialog. In 

this dialog, users could (un)select four options relating to the different ideas we pro-

posed (Figure 7). It was randomly chosen whether options were pre-selected.  

When all options were pre-selected, 61% of the users accepted user modelling to 

receive recommendations based on their mind-maps (Figure 7). 38% of the users ac-

cepted that the content of their mind-maps could be utilized e.g. for anchor text analy-

sis. 32% of users agreed that SPLMM could also analyze the content of the docu-

ments they linked in their mind-maps. Usage mining, i.e. the general analysis of how 

users are making use of a software, was accepted by 48% of the users.  
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Figure 7: User acceptance of IR on their mind-maps 

If options were not pre-selected, fewer users allowed the analysis of their data. 22% 

activated recommendations, 7% activated information retrieval on mind-maps, 6% 

activated IR on the linked documents, and 12% activated usage mining.  

5.4 Discussion of the Feasibility 

Due to the generally few links available in mind-maps, anchor text analysis, calculat-

ing document relatedness, document summarization, and impact analysis seem less 

feasible for the majority of mind-mapping tools (Table 1). However, there might be 

exceptions, for instance in the case of Docear. Docear’s mind-maps contain compara-

tively many links to PDF files, because most users are researchers who manage their 

academic papers with Docear. Assuming that Docear’s users create enough mind-

maps, the link-based ideas might be interesting to pursue.  



Those ideas that depend on the availability of terms seem more feasible, consider-

ing the content of mind-maps. However, only a small number of mind-maps are pub-

licly available (around 300,000). This makes the ideas less interesting for third parties 

who do not offer their own mind-mapping software. The same is true for developers 

of mind-mapping software with only a few users. A mind-map search engine or trend 

analysis using for example only 50,000 mind-maps, cannot attract many people. For 

the major players, such as XMind, FreeMind, or MindMeister, this might be different. 

They potentially have access to millions of mind-maps, which should be sufficient to 

achieve reasonable results. One idea is also relevant for the less popular mind-

mapping tools, namely user modelling. User modelling, more precisely recommender 

system, personalized advertisement, or expert search, should be well applicable even 

with few users. User modelling has also the highest acceptance rate among the users. 

User Modelling for a recommender system was accepted by 61% or the users. User 

acceptance of the other ideas was lower. Around 10% of mind-maps are published, 

and around 30-40% of users accept IR to enhance external applications.  

 
Table 1: Feasibility of the ideas 

For 3rd 

parties

For MM tool 

developers

Content 

Suitability

Users' 

Acceptance
Overall

Search Engine Low Depends Good Low Low

Document Indexing Low Depends Low Medium Low

Document Relatedness Low Depends Low Medium Low

Document Summarization Low Depends Low Medium Low

Impact Analysis Low Depends Low Medium Low

Trend Analysis Low Depends Medium Medium Medium

Semantic Analysis Low Depends Good Medium Medium

User Modeling --- Good Good Good Good

Mind Map Availability

 
 

Overall, user modelling seems to be the most promising idea: The content of mind-

maps is suitable, user acceptance is rather high, and user modelling is relevant for all 

developers of mind-mapping software, and companies whose employees use mind-

maps. In addition, user modelling directly benefits the mind-mapping tools and may 

be fundamentally important for a company. For instance, Google is generating almost 

its entire profit from personalized advertisements [14], and Amazon is also making a 

significant amount of revenue through its recommender system [15]. In contrast, ap-

plications such as semantic analysis are usually not fundamental to a company’s busi-

ness.  

However, user modelling based on mind-maps already had been implemented, but 

results indicate that it is not as promising as our analysis suggests. MindMeister and 

Mindomo created user models for displaying personalized advertisement but both 

abandoned this after a while. This leads to the question, whether mind-maps actually 

can successfully be utilized by user modelling systems. 

6 Prototype 

To analyze whether user modelling based on mind-maps can be done effectively, we 

integrated a recommender system into our mind-mapping tools SciPlore MindMap-



ping (SPLMM) [13], and its successor Docear [5]. Both tools are primarily used by 

researchers. Therefore, the recommender system recommends research papers. We 

implemented different recommendation approaches that we evaluated using click-

through rate (CTR), i.e. the ratio of clicked recommendations against the number of 

displayed recommendations. Please note that due to space restriction we may only 

provide superficial information on the recommender system and its evaluation. We 

are about to publish a paper that will present the architecture of Docear’s recommend-

er system in more detail, as well as a discussion on the suitability of CTR as an evalu-

ation metric for recommender systems. These papers will be available soon at 

http://www.docear.org/publications/.  

For SPLMM, we implemented an approach similar to MindMeister’s approach. 

Each time, a user modified, i.e. edited or created, a node, the terms of that node were 

send as search query to Google Scholar. Google Scholar’s Top 3 results were shown 

in a separate window above the currently opened mind-map. Between July and De-

cember 2011, 78,698 recommendations were displayed, of which 221 were clicked, 

i.e. an overall CTR of 0.28% was achieved (Figure 8). A CTR of 0.28% is low. If 

MindMeister and Mindomo should have achieved similarly CTRs, it is no surprise 

that they abandoned the personalized advertisement.  
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Figure 8: CTR of different approaches 

In Docear, we integrated a new recommender system [4]. The new system showed 

recommendations only when users explicitly requested them, or automatically every 

five days on start-up of Docear. Recommendations were based on Docear’s own doc-

ument corpus, consisting of around 1.8 million full-text articles. The recommender 

system used four different approaches and displayed 21,445 recommendations be-

tween July 2012 and February 2013. The first approach made use of the terms of the 

last modified node, similar to the approach of SPLMM. This led to a CTR of 1.17% 

(Figure 8). The reasons why CTR was around four times higher than CTR in 

SPLMM, may be manifold. Maybe, the lower frequency of displaying recommenda-

tions (every five days instead of continuously) or the source (Docear’s corpus vs 

Google Scholar), influenced CTR. However, 1.17% is still a rather low CTR. The 

second approach utilized the most frequent words of the user’s current mind-map. 

This increased CTR to 6.12%. When the most frequent words of all mind-maps were 

utilized, CTR was also above 6%. For the fourth approach, we manually compiled a 

list of ten research articles relating to academic writing. Most of Docear’s users are 

researchers and therefore we assumed that these articles would be relevant to most of 

Docear’s users. When recommendations were given based on this approach – the 

stereotype approach [16] – CTR was 4.99%.  

The results show that a single node, typically containing two to three words, does 

not express a user’s information needs thoroughly. Instead, entire mind-maps are 

needed for analysis. To analyze this factor in more detail, we modified the recom-

mender system, so it randomly chose the number of nodes to analyze. The results 

show that there is a strong correlation between the number of nodes analyzed and the 

http://www.docear.org/publications/


CTR (Figure 9). When the recommender system utilized only the last 1 – 9 modified 

nodes, CTR was 3.16% on average. When 10 to 49 nodes were utilized, CTR in-

creased to 4% on average. Utilizing between 500 and 999 nodes resulted in the high-

est CTR (7.47%). When more than 1,000 nodes were utilized, CTR began to decrease 

(though, the difference is not statistically significant).  
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Figure 9: CTR by number of analyzed nodes 

7 Summary 

Mind-maps have thus far been widely neglected by the information retrieval commu-

nity. We found that there are more than 100 mind-mapping tools and that, based on 

search volume, the popularity of mind-mapping is comparable to the popularity of 

note taking, file management, or crowdsourcing. Popular mind-mapping tools, such as 

XMind, are as popular as popular reference management software (e.g. Zotero), or 

Tech Blogs (e.g. TechCrunch). Overall, we estimated, there are around 2 million peo-

ple who actively create mind-maps using a mind-mapping software. Based on these 

numbers, we conclude that it is worth to research whether the developers of mind-

mapping tools, and their users, might benefit from new applications, which utilize 

mind-maps. 

We presented eight ideas of how mind-maps could be utilized to enhance infor-

mation retrieval applications: search engines for mind-maps could help to find inter-

esting information; user modelling based on mind-maps could enable the implementa-

tion of recommender systems, personalized advertisement, and expert search; anchor 

text analysis applied to mind-maps could enhance the indexing of web-pages and 

other documents; similarly, anchor-text analysis could enhance the summarization of 

web-pages and documents being linked in mind-maps; citation and link analysis could 

help to calculate document relatedness, which might be useful to enhance search en-

gines or recommender systems; similarly, citation and link analysis in mind-maps 

could be used for impact and trend analysis; finally, semantic analyses could be ap-

plied to mind-maps to identify synonyms and other relationships of words,  

Not all ideas are equally feasible. We analyzed the content of mind-maps and 

learned that mind-maps often do not contain any citations or links. In addition, there 

are only around 300,000 mind-maps publicly available, although around 5 million 

mind-maps are created each year. The user’s acceptance to utilize their mind-maps 

was mediocre. 38% of the users allowed the use of their mind-maps for e.g. anchor 

text analysis, 61% accepted recommendations based on their mind-maps. We con-

cluded that, out of the eight ideas, user modelling is the most feasible use case. The 

content of mind-maps is suitable for user modelling, the users’ acceptance seems 



reasonably high, and user modelling is relevant for all developers of mind-mapping 

software, not only the major players.  

We implemented a prototype of a user modelling system, namely a research paper 

recommender system, and, overall, results are promising. While the most simple user 

modelling approach – utilizing terms of the currently edited or created node – per-

formed poorly (CTRs around 1% and lower), utilizing terms of users’ entire mind-

maps achieved click-through rates above 6%. This shows that user modelling based 

on mind-maps is not trivial, and strongly depends on the applied approaches. Further 

research is required to identify the unique characteristics of mind-maps, and to use 

these characteristics successfully in user modelling systems such as expert search, and 

recommender systems.  
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