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Exercise 

p  Pinch: what is the meaning of this word? 

n  an act of gripping the skin  
of someone's body between  
finger and thumb 

n  an amount of an ingredient  
that can be held between  
fingers and thumb  

p Mary decided to pinch my arm  
p  !!!!! I see 3 
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Motivating Examples 

p  Recommend a vacation  
n  Winter vs. summer 

p  Recommend a purchase 
n  Gift vs. for yourself 

p  Recommend a movie 
n  With girlfriend in a movie theater vs. at 

home with a group of friends 
p  Recommend a recipe 

n  Alone vs. with my kids 
p  Recommend music 

n  When you have a happy vs. sad mood. 

These contextual 
factors can change 
the evaluation/rating 
of the user for the 
considered item – 
and the user’s choices 



p  Recommender Systems are software tools and 
techniques providing suggestions for items to be 
of use to a user 

 

p  Recommender systems must take into account 
this information to deliver more useful 
(perceived) recommendations. 

Context in Recommender Systems 
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Context is any information or conditions 
that can influence the perception of the 

usefulness of an item for a user  

[Adomavicius and Tuzhilin, 2011] 



Types of Context - Mobile 

p  Physical context 
n  time, position, and activity of the user,  

weather, light, and temperature ... 
p  Social context 

n  the presence and role of other people around the 
user 

p  Interaction media context 
n  the device used to access the system and the type 

of media that are browsed and personalized (text, 
music, images, movies, …) 

p  Modal context 
n  The state of mind of the user, the user’s goals, 

mood, experience, and cognitive capabilities. 6 

[Fling, 2009] 



Factors influencing Holiday Decision 

Decision 

Personal 
Motivators 

Personality 
Disposable 
Income 

Health 

Family 
commitments 

Past experience 

Works 
commitments 

Hobbies and 
interests 

Knowledge of 
potential 
holidays 

Lifestyle Attitudes, 
opinions and 
perceptions 

Internal to the tourist External to the tourist 
Availability of 
products Advice of travel 

agents 

Information obtained 
from tourism 
organization and 
media 

Word-of-mouth 
recommendations 

Political restrictions: 
visa, terrorism,  

Health problems  

Special promotion 
and offers 

Climate  

[Swarbrooke & Horner, 2006] 
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Context Preferences 

www.visitfinland.com 



9 Preferences 

Ranking is 
computed by 
considering more 
recommendable 
those products/
services that 
where selected in 
other travel plans 
with similar 
contextual 
conditions 



Knowing your goals  

p  "what do I want?" – addressed largely through 
internal dialogue 
n  Depends on how a choice will make us feel 
n  Not an easy task 

p  Future: what you expect an experience will make 
you feel is called expected utility 

p  Present: The way an item (movie, travel, etc.) 
makes you feel in the moment is called 
experienced utility 

p  Past: Once you had an experience (e.g. a 
movie), future choice will be based on what you 
remember about that: remembered utility. 



Recommendation Evaluation 

eval accept 

re
je

ct
 

q  Predictions based on the 
"remembered" utility data 

q  Accept/reject is based on 
expected utility 

recommendation 

Ex
pe

ri
en

ce
d 

ut
ili

ty
 

Remembered utility 

Expected 
Utility 

Context 



Experiencing vs. Remembering Self 

p  Happiness: 
n  You can happy in your life, or 
n  You can happy about your life 

p  It has been shown that they are very poorly 
correlated - what we remember about an experience 
is not how overall it was 

p  Experiencing Self 
n  The experiences that we do and how happy we are 

while doing these experiences  
p  Remembering Self 

n  The stories that our memory tells us about the 
experiences and how we feel about them. 

12 
Daniel Kahneman (nobel prize) 



Ratings in Context 

p  Rating: measures how much a user likes an item – 
general definition – without substance 

p  We believe that it is linked to the goodness of a 
recommendation: 
n  The larger the rating the higher is the probability 

that the recommended item suits to the user 
p  Not always:  

n  I like Ferrari cars (5 stars) but it is unlikely that I 
will buy one! 

n  I gave 5 stars to a camera – this does not mean 
that I will buy another camera if I have one   

p  Only in context we can transform a rating into a 
measure of the likelihood to choose an item (utility) 
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Examples: Music Recommendation 

p  I like Shoenberg string trio op. 45 but it is 
unlikely that I will play it on Christmas Eve 

p  I'm fond of Stravinsky chamber music but after 2 
hours of repeated listening to such music I like 
something different 

p  When approaching the Bolzano gothic cathedral I 
find more appropriate to listen to Bach than to U2 

p  When traveling by car with my family I typically 
listen to pop music that I otherwise "hate" 

p  When traveling along the coastline I will enjoy 
listening to Blues music.   

14 
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How context influences our reasoning 
processes? 
 
 
 
Recommender systems should be 
aware of these mechanisms to be able 
to suggest items that are perceived by 
the user as relevant in a contextual 
situation. 



System1 and System2 

p  Psychologists [Stanovich and West] claim that two 
systems are operating in the mind: 

p  System 1: operates automatically and quickly, with 
little or no effort and no sense of voluntary control 

p  System 2: allocates attention to the effortful mental 
activities that demand it, including complex 
computations.  

p 17 x 24 = 
16 D. Kahneman, Thinking, fast and slow, Allen Lane pub., 2011 

408 



Ambiguity and Context 

p  System 1 is jumping to the (possibly wrong 
conclusions) 
n  ABC 
n  Financial establishment 
n  12 13 14 

17 

D. Kahneman, Thinking, fast and slow, Allen Lane pub., 2011 



There is always a context 

p  When context is present: when you have just 
thinking of a river, the word BANK is not 
associated to money 

p  In absence of context: System1 generates a 
likely context (you are not aware of the 
alternative interpretations) 

p  Recent events and the current context have the 
most weight in determining an interpretation 

p  Example: The music most recently played 
influences the evaluation of the music that you 
are listening now. 
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What Context is Relevant? 

p  “Shindler’s List” has been rated 5 stars by john 
on January 27th (Remembrance day) 
n  In this case January 27th is expressing relevant 

context 
p  “Shindler’s List” has been rated 4 stars by john 

on March 27th 
n  In this case March 27th is expressing 

(probably) irrelevant context 
p  Context relevance may be item dependent 
p  … and also user dependent 
p  What are the relevant contextual 

dimensions and conditions for each item and 
user? 

19 



Recommend a field of specialization 

p  Business administration 
p  Computer science 
p  Engineering 
p  Humanities and education 
p  Law 
p  Medicine 
p  Library Science 
p  Physical and life sciences 
p  Social science and social work 

20 

user 

Without any additional information your System 1 
has generated a default context to solve this 
recommendation task 



21 

A Simplified Model of Recommendation 

1.  Two types of entities: Users and Items 
2.  A background knowledge:  

l  A set of ratings: a map R: Users x Items à 
[0,1] U {?} – R is a partial function! 

l  A set of “features” of the Users and/or Items 
3.  A method for substituting all or part of the ‘?’ 

values - for some  (user, item) pairs – with good 
rating predictions 

4.  A method for selecting the items to 
recommend 
l  Recommend to u the item:  
l  i*=arg maxi∈Items {R(u,i)} 

[Adomavicius et al., 2005]  
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A Bidimensional Model 

user 

item 

ratings 
User 
features 

Product 
features 

Where is context? 
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Bi-dimensional vs. multidimensional 

p  The previous model (R: Users x Items à [0,1] U {?}) 
is bi-dimensional 

p  A more general model may include “contextual” 
dimensions, e.g.: 
n  R: Users x Time x Goal x Items à [0,1] U {?} 

p  Assumption: the rating function or, more in general, 
the recommendation evaluation is more complex than 
an assignment of each pair (user, product) to a rating 

p  There must be some "hidden variables" that 
contributes to determining the rating function 

p  This multidimensional data model approach was 
developed for data warehousing and OLAP. 
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Multidimensional Model  

[Adomavicius et al., 2005] 
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General Model 

p  D1, D2, … Dn are dimensions 
p  The recommendation space is n-dimensional: 

D1 x D2 x … x Dn 
p  Each dimension is a subset of the Cartesian 

product of some attributes Di ⊆ Ai(1) x … x Ai(ki) – 
profile of the dimension Di 

p  General Rating function  
n  R: D1 x D2 x … x Dn à [0,1] U {?} 

[Adomavicius et al., 2005] 
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Example 
p  User x Item x Time à [0,1] U {?} – 3 dimensions 
p  User ⊆ UName x Address x Income x Age  - 4 

attributes 
p  Item ⊆ IName x Type x Price – 3 attributes 
p  Time ⊆ Year x Month x Day – 3 attributes 
p  Example: 

n  User John Red (living in Bolzano, with Income 
1000 and aged 34)  

n  rated 0.6  
n  a vacation at Miramonti Hotel (for 100 Euro 

per night),  
n  on August 4-11, 2013. 



27 

Recommendation Problem 

p  Assume that the rating function is complete 
(defined for each entry in D1 x D2 x … x Dn) 

p  Recommendation problem: 
n  “what” to recommend is a subset of the 

dimensions: Di1, …, Dik (k<n) 
n  “for whom” is another subset of the 

dimensions: Dj1, …, Djl (l<n) 
n  The dimension in “what” and “for whom” have a 

void intersection, and  

for 
whom 

what 

This is given 
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Example 

p  Movie: defined by attributes Movie(MovieID, Name, 
Studio, Director, Year, Genre, MainActors) 

p  Person: defined by attributes Person(UserID, Name, 
Address, Age, Occupation, etc.) 

p  Place: a single attribute defining the listing of movie 
theaters and also the choices of the home TV, VCR, 
and DVD 

p  Time: the time when the movie can be or has been 
seen: Time(TimeOfDay, DayOfWeek, Month, Year) 

p  Companion: a person or a group with whom one can 
see the movie: a single attribute having values 
“alone,” “friends,” “girlfriend/boyfriend,” “family,” 
“co-workers,” and “others.” 
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Example (cont) 

R(movie, person, place, time, companion) 

p  Recommend the best movies to users 
p  Recommend top 5 action movies to users older than 

18 
p  Recommend top 5 movies to user to see on the 

weekend, but only if the personal ratings of the 
movies are higher than 0.7 

p  Recommend to Tom and his girlfriend top 3 movies 
and the best time to see them over the weekend 

p  Recommend movie genre to different professions 
using only the movies with personal ratings bigger 
than 6. 

context 
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Reduction-Based (pre-filtering) 

p  1) Reduce the problem of multimensional 
recommendation to the traditional two-dimensional 
User x Item 

p  2) For each “value” of the contextual dimension(s) 
estimate the missing ratings with a traditional method 

p  Example: 
n  R: U x I x T à [0,1] U {?} ; User, Item, Time 
n  RD(u, i, t) = RD[T=t](u, i) Estimation based on data 

D, such that T=t 
n  The context-dependent estimation for (u, i, t) is 

computed using a traditional approach, in a two-
dimensional setting, but using only the ratings that 
have T=t.  
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Multidimensional Model  

We use only the 
slice for T=t 
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Problems with the reduction 

p  The relation D[Time=t](User, Item, Rating) may 
not contain enough ratings for the two dimensional 
recommender algorithm to accurately predict R(u, i) 
for that specific value t of the Time variable 

p  Approach: use a “larger” contextual segment St, 
such  that t ∈ St 

p  Instead of RD(u,i,t) = RD[T=t](u,i) 

p  We have RD(u,i,t) = RD[t ∈ St](u,i) aggregated 
p  Example: instead of considering only the ratings of 

a specific day, e.g., Monday, use the ratings of all 
the weekdays and aggregate them to produce a 
two-dimensional slice. 
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Multidimensional Model  
We use the slices 
for T=t, and T=t’ 
and we merge the 
two slices with an 

aggregation 
function, e.g., AVG 
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Research Problem 

p  Local vs. Global model: the local model exploits 
the local context "around" a particular user-item 
interaction to build the prediction, whereas the 
global model of CF uses all the user-item 
interactions - ignoring the contextual information 

p  Will a local model always outperform the global 
model?  

p  Is the local variability worth exploiting? 
p  When there is a “dependency” between context 

and rating? 
p  When the contextual dimensions will not reduce 

the available data to a too tiny subset? 
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Algorithms and Performance 

p  µA,S(S) is a (cross validated) measure of 
performance computed using only the ratings in 
the segment (contextual dependent) 

p  µA,T(S) is the same (cross validated) measure of 
performance but computed using all the data  

p  To compute both µA,S(S) and µA,T(S) they use: 
user to user collaborative filtering 

p  They have used as measure of performance F1 
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Finding high-performance segments 

Segments 
where 

context-
awareness 

pays off 
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Finding the “Large” segments 

p  A segment is a "logical" aggregation of ratings 
based on some contextual dimensions: e.g., the 
ratings collected in the "week end", or the ratings 
in the "week end at home" 

p  Not easy to find all large segments with enough 
data 

p  Classical clustering/partitioning problem 
p  Rely on background information (such as those 

provided by a marketing expert) to determine the 
initial segments 

p  Use the “natural” hierarchies on the contextual 
dimensions to determine the segments. 
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Combining the local and global 
predictions 
p  Basic idea of the combined approach here proposed 

for context exploitation: 
1.  Local: Use the prediction of the best performing 

segments to which a point belongs 
2.  Global: If there is no segments that contain the 

point use the standard prediction, that is, 
computed without using any segment 

p  Hence the combined approach will always work 
better or equal than the standard approach (at 
the cost of the additional search on the set of 
segments) 

p  BUT: how much better? Is it worth the extra effort? 
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Combining the local and global 
predictions 

The larger  the 
performance value the 

better the segment 

Prediction 
based on 

algorithm A and 
data Sj 
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Experimental Evaluation 

p  Acquired movie ratings and contextual information 
related to 
n  Time: weekday, weekend, don’t remember 
n  Place: movie theater, at home, don’t remember 
n  Companion: alone, with friends, with partner, 

with family, others 
p  Movies rated in a scale from 1 to 13 
p  Participants were students 
p  1755 ratings by 117 students over a period of 12 

months 
p  Dropped students that had rated less than 10 movies  
p  Finally 62 students, 202 movies and 1457 

ratings (the set T) – not very big! 
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Searching large segments 

p  These are obtained by performing an exhaustive 
search among the space of all possible segments 
(for the different dimensions try all different 
attribute values combinations) 

p  Each one of these segments has more than 262 
user-specified ratings (more than 20% of the 
dataset DM – the training data set used for finding 
the segments – 90% of T) 
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Comparison on each segment 

p=0.025 
z= -1.96 
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Summary of the differences 

p  Substantial improvement of F-measure on some 
segments 

p  Since Theater-Friends has lower F-measure than 
Theater then this is discarded (see the original 
algorithm) 

p  The final segments obtained are: Theater-Weekend, 
Theater and Weekend. 
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Paradigms for Incorporating Context in 
Recommender Systems 

Data 
U × I × C × R 

2D Recommender 
U × I à R 

Recommendations 
i1, i2, i3, … 

Contextual 
Recommendations 

i1, i2, i3, … 

Contextual Post-Filtering 

c 

Data 
U × I × C × R 

Contextualized Data 
U × I × R 

2D Recommender 
U × I à R 

Contextual 
Recommendations 

i1, i2, i3, … 

Contextual Pre-Filtering 

c 

Data 
U × I × C × R 

MD Recommender 
U × I × C à R 

Contextual 
Recommendations 

i1, i2, i3, … 

Contextual Modeling 

c 

[Adomavicius and Tuzhilin 2008] 



Building the model 

p  The multidimensional model is appealing: general 
- supports various recommendation tasks 

p  But it requires a lot of information 

 
 
 
p  What is the best model - given our application 

goals?  
45 

Low complexity High complexity 

BUT? 



An Alternative to Global Segments 

p  There are cases where the context may matter 
only for certain items 

p  In item splitting [Baltrunas & Ricci, 2014] the 
ratings for certain items are split to produce two 
in-context items: only if the ratings for these two 
new items are significantly different 
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How to detect context relevancy 

p  It is unrealistic to believe that one can detect the 
relevance of context by mining the data 
n  Think about the detection of the importance of 

“January 27th” for “Shindler’s List” – you will 
never discover that 

p  It is impossible to avoid the usage of explicit 
knowledge – before using data mining techniques 

47 

Data mining can refine 
reasonably defined hypothesis 



Android Application 
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[Baltrunas et al., 2011] 



Androd Application II 
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Android Application III 
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Methodological Approach 

1.   Identifying potentially relevant contextual factors 
§  Heuristics, consumer behavior literature   

2.   Ranking contextual factors 
§  Based on subjective evaluations (what if scenario) 

3.   Measuring the dependency of the ratings from the 
contextual conditions and the users 
§  Users rate items in imagined contexts 

4.   Modeling the rating dependency from context 
§  Extended matrix factorization model 

5.   Learning the prediction model 
§  Stochastic gradient descent 

6.   Delivering context-aware rating predictions and item 
recommendation 

51 

[Baltrunas et al., 2012] 



Contextual Factors 

p  driving style (DS): relaxed driving, sport driving 

p  road type(RT): city, highway, serpentine  

p  landscape (L): coast line, country side, mountains/
hills, urban  

p  sleepiness (S): awake, sleepy  

p  traffic conditions (TC): free road, many cars, traffic 
jam  

p  mood (M): active, happy, lazy, sad  

p  weather (W): cloudy, snowing, sunny, rainy  

p  natural phenomena (NP): day time, morning, 
night, afternoon 
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Determine Context Relevance 

p  Web based application 
p  We collected 2436 evaluations from 59 users 

53 Expected Utility Estimation 



User Study Results (I) 

p  Normalized Mutual Information of the contextual 
condition on the Influence variable (1/0/-1) 

p  The higher the MI the larger the influence  
54 

Blues MI Classical MI Country MI Disco MI Hip Hop MI 

driving style 0.32 driving style 0.77 sleepiness 0.47 mood 0.18 
traffic 
conditions 0.19 

road type 0.22 sleepiness 0.21 driving style 0.36 weather 0.17 mood 0.15 
sleepiness 0.14 weather 0.09 weather 0.19 sleepiness 0.15 sleepiness 0.11 

traffic 
conditions 0.12 

natural 
phenomena 0.09 mood 0.13 

traffic 
conditions 0.13 

natural 
phenomena 0.11 

natural 
phenomena 0.11 mood 0.09 landscape 0.11 driving style 0.10 weather 0.07 
landscape 0.11 landscape 0.06 road type 0.11 road type 0.06 landscape 0.05 

weather 0.09 road type 0.02 
traffic 
conditions 0.10 

natural 
phenomena 0.05 driving style 0.05 

mood 0.06 
traffic 
conditions 0.02 

natural 
phenomena 0.04 landscape 0.05 road type 0.01 



User Study Results (II) 
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Jazz MI Metal MI Pop MI Reggae MI Rock MI 

sleepiness 0.17 driving style 0.46 sleepiness 0.42 sleepiness 0.55 
traffic 
conditions 0.24 

road type 0.13 weather 0.26 driving style 0.34 driving style 0.38 sleepiness 0.22 

weather 0.11 sleepiness 0.20 road type 0.27 
traffic 
conditions 0.32 driving style 0.13 

driving style 0.10 landscape 0.12 
traffic 
conditions 0.23 mood 0.17 landscape 0.11 

natural 
phenomena 0.08 

traffic 
conditions 0.10 mood 0.14 landscape 0.15 road type 0.10 

landscape 0.05 mood 0.07 
natural 
phenomena 0.10 weather 0.13 mood 0.09 

traffic 
conditions 0.05 road type 0.06 weather 0.07 

natural 
phenomena 0.11 weather 0.08 

mood 0.04 
natural 
phenomena 0.05 landscape 0.05 road type 0.07 

natural 
phenomena 0.08 

p  Normalized Mutual Information of the contextual 
condition on the Influence variable (1/0/-1) 

p  The higher the MI the larger the influence  



Maximally Influential Conditions 
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96 L. Baltrunas et al.

Table 2. Influence of context on the driver’s decision to select a certain Genre

genre F cn P (−1|cn) cp P (+1|cp)

Blues DS sport driving 0.89 relaxed driving 0.6
RT serpentine 0.44 highway 0.6

Classics DS sport driving 0.9 relaxed driving 0.4
S sleepy 0.6 awake 0.33

Country
music

S sleepy 0.67 sleepy 0.11
DS sport driving 0.6 relaxed driving 0.67

Disco
music

M sad 0.5 happy 0.9
W cloudy, rainy 0.33 sunny 0.8

Hip Hop
music

TC many cars, traffic jam 0.22 free road 0.6
M sad 0.56 happy 0.78

Jazz
music

S sleepy 0.7 awake, sleepy 0.2
RT city, highway 0.4 highway 0.4

Metal
music

DS relaxed driving 0.56 sport driving 0.7
W snowing 0.56 cloudy 0.78

Pop
music

S sleepy 0.8 awake 0.44
DS relaxed driving 0.5 sport driving 0.67

Reggae
music

S sleepy 0.5 awake 0.44
DS sport driving 0.5 relaxed driving 0.89

Rock
music

TC traffic jam 0.8 free road, many cars 0.44
S sleepy 0.44 awake 0.44

4.3 The Impact of Contextual Conditions on Ratings

The aim of phase one was to find out the contextual factors that are more influ-
ential in changing the propensity of the user to listen to music of different genres.
Conversely, in the second phase of our study, we were interested in individual
tracks and their ratings, and we wanted to measure if there were any differences
in these ratings in the two following cases: without considering any contextual
condition, and under the assumption that a certain contextual condition holds.
Therefore, we implemented a second web tool, where we asked the users to rate
a track without assuming any particular context and also imagining three differ-
ent contextual conditions (see Fig. 3(b)). The users rated the played tracks on a
scale from 1 (I do not like the track at all) to 5 (I like the track very much). The
contextual factors occurred in the questionnaires randomly but proportionally
to their relevance as assessed in phase one.

In this phase, 66 different users rated music tracks; overall, 955 interviews (see
the screenshot in Fig. 3(b)) were conducted. As in each interview three ratings
in context were collected, the data consists of 955 ratings without context and
2865 ratings with context. In Table 3, we present the analysis of the collected
data. We compare the average rating for all the items: rated under the assump-
tion that the given context factor holds (Mean with context – MCY) and rated
without assuming any contextual condition (Mean without context – MCN). We
conducted t-tests in order to find out the contextual conditions that produce
significant differences between MCN and MCY. The table illustrates that for
many contextual conditions there are statistically significant differences. This il-
lustrates that in this application context-awareness is relevant, as the user rating
behavior is dependent on context. This hypothesis will be further validated in
the next section.



In Context Ratings 

p  Contextual conditions are sampled with probability 
proportional to the MI of the contextual factor and music 
genre 
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Acquired Data 

p  66 different users 
rated items using  
the web survey 

p  955 ratings without  
context 

p  2865 ratings with  
context 
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Rating Distribution 
p  Rather different from typical data sets (Netflix, 

Movielen) 
p  Because users rated also tracks that they did not like! 
p  [Marlin et.al, 2011] got similar results on Yahoo! data 

(at random) 

59 



Influence of the Average Rating 

60 

InCarMusic: Context-Aware Music Recommendations in a Car 97

Table 3. Influence of contextual conditions on the average rating of music tracks

Condition ratings p-value MCN MCY Influence Significance

- Driving style
relaxed driving 167 0.3891 2.382876 2.275449 ↓
sport driving 165 0.3287 2.466782 2.345455 ↓
- Landscape
coast line 119 0.6573 2.420207 2.487395 ↑
country side 118 0.02989 2.318707 2.033898 ↓ ∗
mountains/hills 132 0.1954 2.530208 2.348485 ↓
urban 113 0.02177 2.456345 2.141593 ↓ ∗
- Mood
active 97 0.01333 2.552778 2.154639 ↓ ∗
happy 96 0.5874 2.478322 2.385417 ↓
lazy 97 0.07 2.472376 2.185567 ↓ .
sad 97 0.01193 2.552632 2.134021 ↓ ∗
- Natural phenomena
afternoon 92 0.9699 2.407186 2.413043 ↑
day time 98 0.09005 2.381215 2.132653 ↓ .
morning 98 0.6298 2.559441 2.479592 ↓
night 90 0.1405 2.516224 2.777778 ↑
- Road type
city 123 0.551 2.479029 2.398374 ↓
highway 131 0.2674 2.457348 2.618321 ↓
serpentine 127 0.07402 2.542066 2.291339 ↓ .
- Sleepiness
awake 69 0.3748 2.561437 2.739130 ↑
sleepy 80 0.0009526 2.60371 2.01250 ↓ ∗ ∗ ∗
- Traffic conditions
free road 117 0.7628 2.491131 2.538462 ↑
many cars 132 0.3846 2.530444 2.409091 ↓
traffic jam 127 1.070e-06 2.478214 1.850394 ↓ ∗ ∗ ∗
- Weather
cloudy 103 0.07966 2.647727 2.378641 ↓ .
rainy 77 0.6488 2.433453 2.519481 ↑
snowing 103 0.02056 2.601759 2.252427 ↓ ∗
sunny 97 0.6425 2.570236 2.649485 ↑

Significance: ∗ ∗ ∗: p < 0.001; ∗ ∗: 0.001 ≤ p < 0.01; ∗: 0.01 ≤ p < 0.05; .: 0.05 ≤ p < 0.1

It is also notable that in the majority of the cases, context has a negative
influence on the users’ ratings. This may be a consequence of the low overall
rating for the music tracks that we observed in the study: for the average user
who did not like the tracks, there was no context that could change this attitude.
We observe however, that for single users who provided many ratings and had
a more positive attitude towards the tracks we could find several contextual
factors that had a positive influence on the ratings.

5 Prediction Model

The rating prediction component computes a rating prediction for all the items,
while assuming that the current user context holds. The current context is par-
tially specified by the user, using the system GUI (as we illustrated in Section
3). Then the items with the highest predicted ratings are recommended. In this
section, we present this algorithm, which extends Matrix Factorization (MF),
and incorporates contextual information to adapt the recommendation to the
user’s contextual situation.



Influence on the Average Rating 
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no-context context 

In the No-Context condition users are 
evaluating rating in the default context. 
The default context is the context where 
consuming the items makes sense – 
best context. 



Predictive Model 

 
p  vu and qi are d dimensional real valued vectors 

representing the user u and the item i 
p    is the average of the item i ratings 
p  bu is a baseline parameter for user u 
p  bgjc is the baseline of the contextual condition cj 

(factor j) and genre gi of item i  
n  We assume that context influences uniformly all 

the tracks with a given genre 
p  If a contextual factor is unknown, i.e., cj = 0, then the 

corresponding baseline bgjc is set to 0. 



Training the Model 

p  Added regularization to avoid over fitting 
p  We use the stochastic gradient descent method 

for fast training 
p  Linear time complexity in the amount of data 

and in the number of contextual conditions 
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Modeling Context-Item dependencies 

q  CAMF-C assumes that each contextual 
condition has a global influence on 
the ratings - independently from the 
item 

q  CAMF-CC introduces one model 
parameter for each contextual 
condition and item category (music 
genre) – as shown before 

q  CAMF-CI introduces one parameter 
per each contextual condition and 
item pair 
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Global 

Item 

Genre 



Predicting Expected Utility in Context 
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Item average  
           Matrix Factorization     Matrix Factorization  
             (personalization)             and context 

Global Item 
Genre 

[Baltrunas et al., 2011] 



Determine Context Relevance 
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User study Results 
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Normalized 
Mutual 
Information 
between a 
contextual 
factor and the 
“influence” 
variable (+1, 
0, -1 influence) 



Acquiring Ratings in Context 
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Mobile Application 
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Knowledge vs. Dynamics 
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Knowledge of the RS about the contextual factors 

Partially Observable Unobservable Fully Observable 

Static 

Dynamic 

How contextual 
factors change 

Everything Known 
about Context 

Context Relevance 
is Dynamic  

Partial and Static 
Context Knowledge 

Latent Knowledge 
of Context 

Nothing is Known 
about Context 

Partial and Dynamic 
Context Knowledge 

[Adomavicius et al. 2011] 
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Major obstacle for contextual 
computing 

p  Understand the impact of contextual dimensions 
on the personalization process 

p  Selecting the right information, i.e., relevant in 
a particular personalization task 

p  Obtain sufficient and reliable data describing 
the user preferences in context 

p  Embed the contextual dimension in a more 
classical – simpler - recommendation 
computational model. 



Summary 

p  There is no rating without context – context let 
us understand the circumstances 

p  Context modeling requires a multidimensional 
rating function 
n  Sparcity of the available samples 
n  Simple data mining approaches cannot work 

properly 
n  Several prediction tasks are possible 
n  There is space for multiple prediction methods 

p  Context changes during the interaction with the 
recommender system – it should be taken into 
account to adapt the next stages. 
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Take away messages 

1.  Two dimensional (user-items) models are 
obsolete 

2.  There are at least three types of user's 
evaluations to manage (expected, experienced, 
remembered) – they are interrelated and 
context-dependent 

3.  Context is ubiquitous – there is no 
recommendation without a context 

4.  Modeling and reasoning with context can really 
bring new and substantially more useful 
recommender systems. 
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