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Abstract 

In this paper, we discuss several aspects that users are 

typically not fully aware of when using model-based 

Collaborative Filtering systems. For instance, the meth-

ods prevalently used in conventional recommenders in-

fer abstract models that are opaque to users, making it 

difficult to understand the learned profile, and conse-

quently, why certain items are recommended. Further, 

users are not able to keep an overview of the item 

space, and thus the alternatives that in principle could 

also be suggested. By summarizing our experiences on 

exploiting latent factor models for increasing control 

and transparency, we show that the respective tech-

niques may also contribute to make users more aware 

of their preferences’ representation, the rationale be-

hind the results, and further items of potential interest. 
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Introduction 

Recommender Systems (RS) that use model-based Col-

laborative Filtering (CF) are known to very efficiently 
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generate accurate results. However, high accuracy does 

not necessarily lead to a commensurate level of user 

satisfaction. In contrast, user-related aspects such as 

amount of control users are able to exert over the rec-

ommendation process as well as system transparency 

substantially contribute to acceptance of the results 

[6]. Still, model-based CF methods such as the popular 

Matrix Factorization (MF) [7] mostly operate as black 

boxes. Users cannot be aware of how their feedback—

either explicitly given or implicitly observed—is taken 

into account to represent their preferences on side of 

the system, and consequently to generate recommen-

dations (see Fig. 1). It is therefore often difficult for us-

ers to comprehend the impact of their behavior on the 

underlying model, and the algorithmic rationale for rec-

ommending certain items. Further, since results are 

typically presented in form of ranked lists comprising 

only items the algorithm considers relevant, it remains 

unclear how these items relate to the rest of the item 

space, i.e. items not recommended. Although several 

attempts have been made to increase inherent diversity 

of recommendation lists, users’ possibilities to actively 

obtain an overview of the naturally large item space 

and to become aware of the variety of items that could 

potentially be recommended, are still very limited. In 

worst case, this may lead to filter bubble effects. 

From our perspective, increasing users’ awareness of 

how their preferences are represented, why particular 

items are suggested, and which items are among the 

recommendable alternatives, is hence part of the over-

all goal of improving RS transparency. In this paper, we 

will therefore share experiences from prior work on 

model-based CF, outlining how our attempts to improve 

user control and system transparency may also contrib-

ute to the aforementioned aspects. 

Integration of Additional Data 

Textual explanations have been widely accepted for 

supporting transparency of RS [6]. Since model-based 

CF methods rely on abstract models learned to store 

user preferences, it is, however, rather difficult to ex-

plain their rationale. Due to the statistical nature of la-

tent factor models, this is particularly true when using, 

e.g., MF [7]. Yet, we argue that leveraging content-

boosted techniques, i.e. learning an integrated model of 

latent factors derived from user ratings and additional 

content information, may raise awareness of how the 

system works and how the preference profile looks like. 

With TagMF [2, 3], we proposed an approach that fol-

lows this idea by enhancing MF with relevance data of 

user-generated tags regarding the items. As shown by 

others, the additional data positively affects offline ac-

curacy [7]. However, we have also confirmed that it 

improves perceived recommendation quality, and in 

particular, transparency [2]. Fig. 2 outlines the findings 

from the user study (n=46) described in [2], underlin-

ing that it appears more clear why items are recom-

mended when preferences are elicited via tags instead 

of ratings. Further, the interaction possibilities provided 

in addition to rating items—in CF usually the only 

means for users to give feedback and to influence the 

user model—seem to be valuable in terms of perceived 

control, without increasing the effort [2]. Besides, se-

lecting and weighting tags (Fig. 3), thereby adjusting 

the usually intransparent user factor vector, may dis-

close the influence user behavior has on this kind of 

preference profiles. This, and the ability to revert ac-

tions, is important for RS users [5]. Consequently, our 

approach allows to interactively explore different set-

tings and revoke selected tags anytime, while providing 

immediate feedback and result updates. Supported by 
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Figure 1: Simplified view on the 

recommendation process: The 

user provides feedback, which is 

used for modeling his or her pref-

erences. The model serves as in-

put to the recommender algo-

rithm. Both representation of 

preferences and algorithmic inter-

nals are usually opaque to the 

user. Finally, items are presented 

as recommendations. However, 

the user is only made aware of a 

small set of items the system 

considers most relevant. 

 



 

the increased transparency, we argue that users thus 

become more aware of the system’s rationale than 

when only ratings or implicit feedback is considered. 

In the recommendation set, users seem to notice some 

kind of inner consistency, which is not the case to this 

extent when results are purely based on ratings. We 

assume tags to incorporate semantics into the latent 

factor model that are naturally to understand. In [3], 

we further investigated the tags’ influence. While latent 

factors are generally considered to describe real-world 

characteristics [7], our integrated model allows deriving 

tag-factor relations, thus revealing their actual mean-

ing. As we also derive tag relevances for each user—

even if he or she never tagged an item—a user’s (for-

mer latent) preference profile may now be explicitly de-

scribed using, e.g., a tag cloud (cf. Fig. 3). 

This way offering insights into a latent user model may 

also help to address privacy concerns. We further as-

sume that the tags shown alongside recommendations 

(Fig. 3) may be even more expressive when addition-

ally taking latent information into account, thus provid-

ing some intuition about the most important factors. 

These are subjects of future work. Finally, the present 

results suggest that novelty and diversity do not partic-

ularly benefit from integrating tags. Still, as the next 

section will show, latent factor models may also be ex-

ploited to let users discover new alternatives. 

Preference Elicitation and Visualizations 

Besides explanations and novel preference elicitation 

methods, also visualizations have been suggested to in-

crease transparency, ranging from diagrams depicting 

sources in hybrid RS [10] to maps of the item space 

[4]. Attempts taken in RS research to visualize item 

space or user profile, however, suffer from several 

drawbacks [8]. Yet, we argue that solely based on rat-

ings, the latent factor space may be exploited to help 

users exploring and understanding the item space, its 

coverage, and the representation of their preferences. 

With our choice-based preference elicitation [9], users 

have to compare sets of sample items that score high 

or low on several latent factors. This allows users to ex-

press their preferences with respect to very diverse 

items, since each interaction step brings up a different 

dimension of the factor space. In contrast to other at-

tempts to support users at cold-start, this may upfront 

increase users’ awareness of the variety of options they 

have in the RS. Consequently, in a user study (n=35), 

recommended items seemed novel while the approach 

was found promising in terms of perceived recommen-

dation quality compared to a rating-based attempt.  

In [8], we presented a 3D item space visualization 

where the high-dimensional latent factor space is 

mapped onto a 2D surface. Preferences estimated for 

the current user yield the elevation of the landscape 

(cf. Fig. 4), which in turn can be interactively altered in 

order to manipulate the underlying profile, i.e. the user 

factor vector. Shaping hills and valleys allows to ex-

press interest for certain areas and to lower the rele-

vance of others. The user study (n=32) we conducted 

suggests that this helps users understanding the item 

space, broadening their perspective, and getting an 

overview [8]. In addition to listing top-n results as in 

conventional RS, highlighting recommendations inside 

the landscape supports users in becoming aware of 

their choice options [8]. Hidden semantics of factors, 

revealed by TagMF by means of tags, here seem to re-

sult in a representation users are able to grasp even 
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Figure 2: Reduced version of the 

path model from [2] describing 

the influence of the objective sys-

tem aspect (OSA) preference elic-

itation via ratings or tags: The 

subjective system aspect (SSA) 

transparency is a complete medi-

ator for perceived rec. quality, 

which in turn fully mediates inter-

action behavior (INT) and user 

experience (EXP), measured in 

terms of mean item rating and 

choice satisfaction, respectively. 



 

without integrating additional content data. In search 

tasks with rather “soft” goals, they were particularly 

successful, apparently aware of where to look for items 

e.g. suited for children. Similar to the choice-based ap-

proach, this is achieved by showing only a limited num-

ber of representative sample items (for areas of the 

map instead of for single factors). Further, although 

model-based CF is usually intransparent, reflecting the 

preference profile as a landscape seems helpful for us-

ers to understand how they are represented within the 

system, and thus, why certain items are recommended. 

The aforementioned approaches do not require users to 

know and rate single items, which is particularly im-

portant in unknown domains or for a vague search. 

However, although empirical results were quite promis-

ing [9, 8], search effort may be too high in real-world 

scenarios. Thus, bringing together TagMF with the 

other approaches might be a valuable opportunity. 

While TagMF could contribute to recommendation qual-

ity and transparency in general, it may also be useful 

to, for instance, further improve exploration by enrich-

ing a map visualization with tags labelling the areas. 

Conclusions 

Overall, it seems important for RS research to face the 

challenge of making users more aware of, among oth-

ers, the recommendations at the right time [1], their 

source in hybrid settings [10], and explanation facilities 

as well as feedback mechanisms in general, and espe-

cially the related consequences for users upon interac-

tion [5]. In this paper, we discussed our prior work on 

latent factor models in light of user awareness, showing 

how the respective developments may contribute to en-

abling users to perceive a number of relevant aspects 

in a more deliberate fashion. 
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Figure 3: By integrating tags into a 

latent factor model, users are ena-

bled to understand and manipulate 

their preference profile expressed im-

plicitly in the (intransparent) latent 

factor space through explicitly pre-

sented textual tags—even if they do 

not tagged items themselves [2, 3]. 

 

Figure 4: Presenting a latent factor 

space as a landscape (where hills 

represent areas of the item space the 

current user prefers and valleys indi-

cate lower relevance) turned out to 

provide users an adequate overview 

and to make them aware of alterna-

tives to the recommended items [8]. 
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