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Although recommender systems claim to learn users’ preferences by tracking their consumption or purchase 
behaviors, research shows that such preferences are usually heuristically constructed on-the-fly [1, 2, 5]. 
This leaves recommender systems particularly vulnerable to trying to solve a very common but impossible 
task: trying to recommend things to a user who does not know what they want. Explanations increase users’ 
understanding of the recommendation process, which supports their preference construction [6, 7, 14, 17]. 
Systems that visualize the recommendation process take a step further by allowing users to critically 
appraise the origin of recommendations and even take control over the recommendation process [3, 9, 10, 
16].  
We propose Personalized Preference Profiles (PPPs) that help users reflect on their preferences in a 
way that meaningfully supports their preference construction process. PPPs visualize users’ 
preferences rather than the recommendation process, which allows users to realign their preferences with 
their long-term goals. 
The information visualization field provides useful guidance on how to design visualizations of preferences. 
“Infographics” leverage visual representations to amplify human cognition [4]. Recent advances in big data 
have allowed developers of commercial systems (e.g., OkCupid, Uber, The EchoNest) to share compelling 
infographics on their company blogs, highlighting surprising preference dynamics that give insights into 
their customers’ tastes. Note that although some infographics provide information broken down by gender, 
age or other demographics, they are not tailored to a specific user. Preliminary efforts visualize topic 
coverage [12, 13] and potential blind spots in users’ interests [15], but these works do not leverage the 
unique capability of recommendation algorithms to distinguish between the common (what can be predicted 
by an algorithm) and unique (what algorithms get wrong) sides of users’ preference profiles. We therefore 
propose a specific preference visualization that juxtaposes the user’s likes and dislikes against a reference 
group. We anticipate that we will face the following challenges when building PPPs: 

• Reference group selection: What reference group would be the most meaningful to juxtapose the 
user’s preferences against? We may consider a reference group that consists for all other users, a 
set of users that shares a particular characteristic (e.g., age or gender), or a set of users with similar 
preferences. 

• Data representation: Should the visualization consider expressed or predicted preferences? 
Expressed preferences (e.g. an item rating the user entered into the system) are arguably more 
accurate, but less granular than predicted preferences. On the other hand, predicted preferences can 
be calculated for all items, and can be more granular than expressed preferences. 

• Likes and dislikes selection: Which items should be presented in the visualization? We argue that 
it is most useful for users to discover items that they (are predicted to) like much better or much 
worse than the reference group. On the other hand, a baseline agreement on many items can serve 
as a common ground between the user and their reference group. 

• Visualization complexity: Many visualizations in the RecSys field can be criticized for being too 
complex for most “regular users” to understand. We want to make a concerted effort to create 
visualizations that are intuitive for all users. 

We look forward to discussing PPPs at the workshop, where we are happy to present our ideas for how to 
implement and study them. 
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