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Beyond accuracy
“Making recommendations better”


There are aspects beyond the algorithm that determine 
the quality of recommender systems


“Being accurate is not enough”

There are metrics beyond accuracy that should be used to 
build and evaluate recommender algorithms


“Explaining the user experience of recommender systems”

A framework to structure the evaluation of recommenders



“The algorithm accounts for only 5% of the 
commercial success of our recommender 

systems [...] The interactive components of 
a recommender account for about 50%”



HRI

Three pillars of Human Recommender Interaction (HRI)

The act of getting recommendations (dialogue)

Perception of the recommender over time (personality)

How the recommender meets the user’s needs



Recommendations

Recommendations shouldn’t just be correct, they should be 
notable (cf. serendipity) and useful


In system terms, this might require the recommender to not 
just be personalized, but to be bold and take risks


Affirmation is good, but prevent pigeon-holing


The system should adapt to changing needs and provide 
fresh recommendations



Process

The recommendation process must be transparent and 
usable


Inspire trust in users


Meet users’ needs and expectations w.r.t. their task



Contributions

What does this paper contribute to the state-of-the-art?


Mindset: think about recommenders beyond the algorithm


Agenda-setting: outline goals and objectives of a 
recommender system (and research)


What else?



Criticisms

What is missing from this paper?


Practical design advice: how do we build a recommender to 
accomplish these goals?


Evaluation advice: How do we evaluate these qualities?


What else?



https://www.youtube.com/watch?v=mlGXwxduREA


Accuracy?

McNee et al. (2002): Item-
Item CF provided the best 
predictions, but was rated 
least helpful by users!


Torres et al. (2004): CBF-
separated CF had the lowest 
predictive accuracy, but 
resulted in the highest user 
satisfaction! 



Beyond accuracy

Recognizes that accuracy is not the only way to evaluate a 
recommender


Does not consider list composition

Does not consider serendipity

Does not consider user experiences and expectations



List composition
The recommendations are based on similarity


Remember wij and wuv?


But they should also be diverse!

Compared to the rated items (non-obvious 
recommendations)

Compared to the other items in the list (this also reduces 
choice overload)

Over time (adaptability and freshness)


To some extent, diversity is the opposite of similarity!



List composition

If we consider diversity the opposite of similarity, you simply 
get the opposite of accuracy…


How can we reconcile diversity and similarity?

Use different metrics: e.g. user-user or item-item similarity 
+ genre or emotion diversity

Diversify perpendicular to the user vector (see next slides)
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vector qi ∈ � f, and each user u is associ-
ated with a vector pu ∈ � f. For a given item 
i, the elements of qi measure the extent to 
which the item possesses those factors, 
positive or negative. For a given user u, 
the elements of pu measure the extent of 
interest the user has in items that are high 
on the corresponding factors, again, posi-
tive or negative. The resulting dot product,  
qi

T pu, captures the interaction between user 
u and item i—the user’s overall interest in 
the item’s characteristics. This approximates 
user u’s rating of item i, which is denoted by 
rui, leading to the estimate 

 
r̂ui  

= qi
T pu. (1) 

The major challenge is computing the map-
ping of each item and user to factor vectors 
qi, pu ∈ � f. After the recommender system 
completes this mapping, it can easily esti-
mate the rating a user will give to any item 
by using Equation 1. 

Such a model is closely related to singular value decom-
position (SVD), a well-established technique for identifying 
latent semantic factors in information retrieval. Applying 
SVD in the collaborative filtering domain requires factoring 
the user-item rating matrix. This often raises difficulties 
due to the high portion of missing values caused by sparse-
ness in the user-item ratings matrix. Conventional SVD is 
undefined when knowledge about the matrix is incom-
plete. Moreover, carelessly addressing only the relatively 
few known entries is highly prone to overfitting. 

Earlier systems relied on imputation to fill in missing 
ratings and make the rating matrix dense.2 However, im-
putation can be very expensive as it significantly increases 
the amount of data. In addition, inaccurate imputation 
might distort the data considerably. Hence, more recent 
works3-6 suggested modeling directly the observed rat-
ings only, while avoiding overfitting through a regularized 
model. To learn the factor vectors (pu and qi), the system 
minimizes the regularized squared error on the set of 
known ratings: 

min
* *,q p ( , )u i �

¤
K

(rui - qi
Tpu)

2 + λ(|| qi ||
2 + || pu ||

2)  (2) 

Here, κ is the set of the (u,i) pairs for which rui is known 
(the training set). 

The system learns the model by fitting the previously 
observed ratings. However, the goal is to generalize those 
previous ratings in a way that predicts future, unknown 
ratings. Thus, the system should avoid overfitting the 
observed data by regularizing the learned parameters, 
whose magnitudes are penalized. The constant λ controls 

recommendation. These methods have become popular in 
recent years by combining good scalability with predictive 
accuracy. In addition, they offer much flexibility for model-
ing various real-life situations. 

Recommender systems rely on different types of 
input data, which are often placed in a matrix with one 
dimension representing users and the other dimension 
representing items of interest. The most convenient data 
is high-quality explicit feedback, which includes explicit 
input by users regarding their interest in products. For 
example, Netflix collects star ratings for movies, and TiVo 
users indicate their preferences for TV shows by pressing 
thumbs-up and thumbs-down buttons. We refer to explicit 
user feedback as ratings. Usually, explicit feedback com-
prises a sparse matrix, since any single user is likely to 
have rated only a small percentage of possible items. 

One strength of matrix factorization is that it allows 
incorporation of additional information. When explicit 
feedback is not available, recommender systems can infer 
user preferences using implicit feedback, which indirectly 
reflects opinion by observing user behavior, including pur-
chase history, browsing history, search patterns, or even 
mouse movements. Implicit feedback usually denotes the 
presence or absence of an event, so it is typically repre-
sented by a densely filled matrix. 

A BASIC MATRIX FACTORIZATION MODEL 
Matrix factorization models map both users and items 

to a joint latent factor space of dimensionality f, such that 
user-item interactions are modeled as inner products in 
that space. Accordingly, each item i is associated with a 
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Figure 2. A simpli!ed illustration of the latent factor approach, which 
characterizes both users and movies using two axes—male versus female 
and serious versus escapist. 
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expect the first set of similar items therefore to require more cognitive effort (and thus cause 
more choice difficulty). However, if the items are too far apart then the increased trade-off 
difficulty may increase the choice difficulty again (cf. Scholten and Sherman’s (2006) U-shaped 
relationship). 

2.3.1 Latent Features in Matrix Factorization 
Matrix factorization models are similar to MAUT in the way that items have higher predicted 
ratings if they score high on (latent) features that an individual user has higher weights for. A 
difference is that in MAUT attributes describe concrete, identifiable properties of choice 
alternatives, while in matrix factorization they describe abstract, ‘latent’ features. Though it is 
hard to ascribe a simple unidimensional meaning to these features (cf. (Graus 2011)), they are 
related to the dimensionality of users’ preferences (Koren et al. (2009) suggest they might 
encompass composite attributes such as ‘escapist’ movies).  Using these latent features in a way 
similar to how attributes are treated in MAUT allows us to construct sets of (about) equally 
attractive items that are either highly diverse (with alternatives that have larger differences on 
latent feature scores, i.e. low density) or more similar (with alternatives that have smaller 
differences on latent feature scores, i.e. high density).  

More specifically, we will construct such sets in the movie domain, for which large existing 
datasets allow us to construct a good matrix factorization model (Bollen et al. 2010).  Our ideal 
goal is to construct sets of movies that differ in diversity, while controlling for attractiveness. 
This means we would like to select a diverse (or non-diverse) set of movies from a hyperplane 
(orthogonal on the user vector) of equally attractive movies, analog to our camera example 

above.  However, as we are bound by existing sets of movies and their vectors, it is in practice 
impossible to select a sufficiently large and diverse set that will have all the movies on exactly 
the same hyperplane. Our requirement to manipulate recommendation set diversity while 
controlling for attractiveness thus requires us to tolerate some variation in item attractiveness. 
This implies that we have to find a small range (Δ𝑅) of predicted ratings that allows us to 
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Serendipity

Offline algorithms are tested on items that are already rated 
by the user


To some extent, you are optimizing/testing for “ratability”


How to produce (or evaluate) recommendations that are 
“non-obvious”?


e.g. Items in the “long tail”


The importance (and “flavor”) of this may depend on the 
task at hand!



User experience
User satisfaction does not always correlate with high 
recommender accuracy (McNee 2002, Ziegler 2005)


Why not?

Importance of other recommendation qualities (diversity, 
serendipity, etc.)

Importance of interaction mechanism usability (preference 
elicitation, transparency, etc.)

Interpersonal (e.g. cultural) differences

Situational (e.g. task-related) differences



Contributions

What does this paper contribute to the state-of-the-art?


Mindset: think about algorithms beyond accuracy


Agenda-setting: outline other metrics and objectives for 
optimize/test algorithms


What else?



Criticisms

What is missing from this paper?


Metrics: how do we measure diversity, serendipity, UX?


Reconciliation: If the metrics disagree, how do we reconcile 
them?


What else?



User experience

Present a framework to integrate user experience evaluations


Provide measurement scales to measure subjective aspects 
and experiences


Validate the framework in a series of field trials
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Framework

Objective System Aspects (OSA)

- visual / interaction design


- recommender algorithm


- presentation of recommendations


- additional features
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User Experience (EXP)


Different aspects may influence 
different things


- interface -> system evaluations


- preference elicitation method 
-> choice process 


- algorithm -> quality of the final 
choice
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Framework
An attitudinal evaluation


self-relevant interpretation, 
measured with questionnaires


Cannot be measured with one 
question


Far more robust if you construct a 
scale based on several items


Usually 5-8 statements, agree/
disagree on a 5- or 7-point scale
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Perception or Subjective System 
Aspects (SSA) 


Link OSA to EXP (mediation)

Increase the robustness of the 
effects of OSAs on EXP

How and why OSAs affect EXP 
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Personal characteristics (PC)

Users’ general disposition

Beyond the influence of the system

Typically stable across tasks
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Situational Characteristics (SC)

How the task influences the experience

Also beyond the influence of the system

Here used for evaluation, not for augmenting algorithms!
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Interaction (INT)


Observable behavior


- browsing, viewing, log-ins


Final step of evaluation

But not the goal of the evaluation

Triangulate with EXP



The full cycle
Link the objective interaction (purple) to objective system 
aspects (blue) 


through a series of subjective constructs


Why? Because these constructs...

...are likely to attenuate and qualify the effects 

...explain why users’ behavior is different for different 
systems


This explanation is the main value of our framework



How to use the framework

What it is not

a predefined metric for standardized “performance” tests


What it is

conceptual definition of a generic chain of effects 

helps researchers to explain how and why the user 
experience of recommender systems comes about

a generic guideline for in-depth empirical research

generator for new hypotheses



EMIC pre-trial (FT1)
Questions


Do users want to receive personalized recommendations 
at all?

Will users provide adequate preference feedback?


Setup

43 participants (between subjects)

Random recommendations vs. personalized VSM 
algorithm recommendations (between subjects)

Measure quality perceptions, experience, privacy concerns, 
and intention to provide feedback; capture clickstream



perceived recommendation 
quality

perceived system 
effectiveness

personalized
recommendations

number of 
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to end total
viewing time

trust
in technology

choice
satisfaction
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intention to provide 
feedback

number of 
clips clicked

number of 
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-
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-
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p < .05
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p < .01
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p < .05
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p < .05

.268 (.156)
p < .1
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p < .05
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p < .05
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p < .01
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p < .05
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BBC trial (FT4)
Questions


Can we find experience differences between non-
personalized recommendations, an MF algo with explicit 
feedback, and an MF algo with implicit feedback?


Setup

58 participants

Manipulate algorithm/PE method (within subjects)

Measure perceived quality and variety of 
recommendations, and experience; capture clickstream
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.190 (.094)
p < .05

.281 (.133)
p < .05

1.352 (.222)
p < .001

.774 (.123)
p < .001

10.595 (3.738)
p < .005

.168 (.061)
p < .01

.996 (.380)
p < .01

++

+ + +

+ +

+

+

Objective System Aspects (OSA)
Subjective System Aspects (SSA)
Experience (EXP)
Personal Characteristics (PC)
Situational Characteristics (SC)
Interaction (INT)

perceived recommendation 
quality

perceived recommendation 
variety

perceived system 
effectiveness

.835 (.053)
p < .001

Matrix Factorization recommender with 
explicit feedback (MF-E)
(versus generally most popular; GMP)

Matrix Factorization recommender with 
implicit feedback (MF-I)

(versus most popular; GMP)

.738 (.054)
p < .001

.190 (.094)
p < .05

.281 (.133)
p < .05

++

+ +



Contributions

The structure of the framework is validated

With a few exceptions


We developed a number of measurement scales to measure 
SSAs, EXPs, PCs and SCs


More have been added in subsequent work


We covered some gaps in existing research

More details are in the paper itself



Questions…


